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Description

FIELD OF THE DISCLOSURE

[0001] The present disclosure relates to the field of
computer programs and systems, and more specifically
to methods, systems and programs of machine-learning
with a dataset of scenes including spatially reconfigur-
able objects.

BACKGROUND

[0002] A number of systems and programs are offered
on the market for the design, the engineering and the
manufacturing of objects. CAD is an acronym for Com-
puter-Aided Design, e.g. it relates to software solutions
fordesigninganobject.CAE isanacronymforComputer-
AidedEngineering, e.g. it relates to software solutions for
simulating thephysical behavior of a future product. CAM
is an acronym for Computer-Aided Manufacturing, e.g. it
relates to software solutions for defining manufacturing
processes and operations. In such computer-aided de-
sign systems, the graphical user interface plays an im-
portant role as regards the efficiency of the technique.
These techniques may be embedded within Product
Lifecycle Management (PLM) systems. PLM refers to a
business strategy that helps companies to share product
data, apply common processes, and leverage corporate
knowledge for the development of products from con-
ception to the end of their life, across the concept of
extended enterprise. The PLM solutions provided by
Dassault Systèmes (under the trademarks CATIA, EN-
OVIA and DELMIA) provide an Engineering Hub, which
organizes product engineering knowledge, a Manufac-
turing Hub, which manages manufacturing engineering
knowledge, and an Enterprise Hub which enables en-
terprise integrations and connections into both the En-
gineering and Manufacturing Hubs. All together the sys-
tem delivers an open object model linking products,
processes, resources to enable dynamic, knowledge-
based product creation and decision support that drives
optimized product definition, manufacturing preparation,
production and service.
[0003] In this context and other contexts, machine-
learning is gaining wide importance.
[0004] The following papers relate to this field and are
referred to hereunder:

[1]A.Gaidon,Q.Wang,Y.Cabon, andE.Vig, "Virtual
worlds as proxy for multi-object tracking analysis," in
CVPR, 2016.
[2] S. R. Richter, V. Vineet, S. Roth, and V. Koltun,
"Playing for data: Ground truth from computer
games," in ECCV, 2016.
[3] M. Johnson-Roberson, C. Barto, R. Mehta, S. N.
Sridhar, K. Rosaen, and R. Vasudevan, "Driving in
the matrix: Can virtual worlds replace human-gen-
erated annotations for real world tasks?" in ICRA,

2017.
[4] S. R. Richter, Z. Hayder, and V. Koltun, "Playing
for benchmarks," in ICCV, 2017.
[5] S. Hinterstoisser, V. Lepetit, P. Wohlhart, and K.
Konolige, "On pretrained image features and syn-
thetic images for deep learning," in ar-
Xiv:1710.10710, 2017.
[6] D. Dwibedi, I. Misra, and M. Hebert, "Cut, paste
and learn: Surprisingly easy synthesis for instance
detection," in ICCV, 2017.
[7] J. Tobin, R. Fong, A. Ray, J. Schneider, W. Zar-
emba, and P. Abbeel, "Domain randomization for
transferring deep neural networks from simulation
to the real world," in IEEE/RSJ International Con-
ference on Intelligent Robots and Systems (IROS),
2017.
[8] J. Tremblay, A. Prakash, D. Acuna, M. Brophy, V.
Jampani, C. Anil, T. To, E. Cameracci, S. Boochoon,
and S. Birchfield, "Training deep networks with syn-
thetic data: Bridging the reality gap by domain ran-
domization," in CVPR Workshop on Autonomous
Driving (WAD), 2018.
[9] K. He, G. Gkioxari, P. Dollar, and R. Girshick.
"Mask r-cnn". arXiv:1703.06870, 2017.
[10] J. Deng, A. Berg, S. Satheesh, H. Su, A. Khosla,
and L. Fei-Fei. ILSVRC‑2017, 2017. URL
http://www.image-net.org/challen
ges/LSVRC/2017/.
[11] Y. Chen, W. Li, and L. Van Gool. ROAD: Reality
oriented adaptation for semantic segmentation of
urban scenes. In CVPR, 2018.
[12] Y. Chen, W. Li, C. Sakaridis, D. Dai, and L. Van
Gool. Domain adaptive Faster R-CNN for object
detection in the wild. In CVPR, 2018.
[13] Y. Zou, Z. Yu, B. Vijaya Kumar, and J. Wang.
Unsupervised domain adaptation for semantic seg-
mentation via class-balanced self-training. In ECCV,
September 2018.
[14] A. Geiger, P. Lenz, and R. Urtasun, "Are we
ready for autonomous driving? The KITTI vision
benchmark suite," in CVPR, 2012.
[15] A. Prakash, S. Boochoon, M. Brophy, D. Acuna,
E. Cameracci, G. State, O. Shapira, and S. Birch-
field. Structured domain randomization: Bridging the
reality gap by contextaware synthetic data. arXiv
preprint arXiv:1810.10093, 2018.
[16] J. Deng, W. Dong, R. Socher, L.‑J. Li, K. Li, and
L. Fei-Fei. ImageNet: A Large-Scale Hierarchical
Image Database. In CVPR09, 2009.
[17] T.‑Y. Lin, M. Maire, S. Belongie, J. Hays, P.
Perona, D. Ramanan, P. Dollar, and C. L. Zitnick.
Microsoft COCO: Common objects in ’ context. In
ECCV. 2014.
[18] Shaoqing Ren, Kaiming He, Ross B. Girshick,
and Jian Sun. Faster R-CNN: towards real-time ob-
ject detection with region proposal networks. CoRR,
abs/1506.01497, 2015.
[19] D. E. Rumelhart , G. E. Hinton , R. J. Williams,
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Learning internal representations by error propaga-
tion, Parallel distributed processing: explorations in
the microstructure of cognition, vol. 1: foundations,
MIT Press, Cambridge, MA, 1986.
[20] Jun-Yan Zhu, Taesung Park, Phillip Isola, and
Alexei A. Efros. Unpaired image-to-image transla-
tion using cycle-consistent adversarial networks.
CoRR, abs/1703.10593, 2017.
[21] M. Heusel, H. Ramsauer, T. Unterthiner, B.
Nessler, and S. Hochreiter. Gans trained by a two
time-scale update rule converge to a local nash
equilibrium. In Advances in Neural Information Pro-
cessing Systems (NIPS), 2017.
[22]C.Szegedy,W. Liu, Y. Jia, P.Sermanet, S.Reed,
D. Anguelov, D. Erhan, V. Vanhoucke, and A. Rabi-
novich. Going deeper with convolutions. In Proceed-
ingsof the IEEEConferenceonComputerVisionand
Pattern Recognition, pages 1‑9, 2015.

[0005] Deep learning techniques have shown out-
standing performances in several fields such as 2D/3D
object recognition and detection, semantic segmenta-
tion, pose estimation, or motion capture (see [9, 10]).
However, such techniques usually (1) require huge
amounts of training data to perform at their full potential,
and (2) often require expensive manual labeling (also
known as annotation):

(1) Collecting hundreds of thousands of labeled data
could, indeed, be very hard in several areas, such as
thedomainofmanufacturing, healthor indoormotion
captures, because of data scarcity or confidentiality
reasons. Publicly available datasets usually include
objects of everyday life, which were labeled manu-
ally via crowdsourcing platforms (see [16, 17]).
(2) In addition to the data collection issue, labeliza-
tion is very time-consuming. The annotation of the
well-known ImageNet dataset (see [16]), in which,
each image is labeled by "only" single label, lasted
years. A pixel-wise labelling requires in average
more than one hour per image. Also, manual anno-
tation, could present several error and lack of accu-
racy. Some annotations require domain-specific
know-how (e.g. manufacturing equipment labeling).

[0006] For all these reasons, exploiting virtual data to
learn deep models has attracted increasing attention in
recent years (see [1, 2, 3, 4, 5, 6, 7, 8, 15]). Virtual (also
known as synthetic) data are computer-generated data
that are created using a CAD or 3D modeling software
rather than being generated by actual events. In fact,
virtual data can be generated tomeet very specific needs
or conditions that are not available in existing (real) data.
This can be useful when either privacy needs limit the
availability or usage of the data or when the data needed
for a test environment simply does not exist. Note that
with virtual data, labeling comes cost-free and error-free.
[0007] However, the intrinsic domain difference be-

tween virtual and real data (also known as reality gap)
could prevent the learnedmodel to be competent for real
world scenarios. This is mainly due to the overfitting
problem, leading thenetwork to learn details only present
in virtual data and failing to generalize well and extract
informative representation for real data.
[0008] One way that becomes recently prevalent,
especially for recognition problems related to autono-
mous cars, is to collect photo-realistic virtual data which
can be automatically annotated at a low cost, such as
video game data.
[0009] For example, Richter et al. (see [2]) constructed
a large scale synthetic urban scene dataset for semantic
segmentation from the GTAV game. GTA-based data
(see [2, 3, 4]) use a large number of assets to generate
various realistic driving environments which can be auto-
matically labeled at the pixel-level (~25K images). Such
photo-realistic virtual data often do not exist for domains
other than driving and urban context. For instance, ex-
isting virtualmanufacturing environments arenon-photo-
realisticCAD-basedenvironments (no videogamesexist
for the manufacturing domain). Photo realism is not
required by manufacturing specifications. Furthermore,
it may be confusing to have shading and lightening in
such virtual environments. Therefore, all efforts are con-
centrated to make semantically and geometrically accu-
rate CAD models instead of photorealistic ones. More-
over, creating photo-realistic manufacturing environ-
ments for training purposes is not pertinent due to the
high variability between the different plants and factories’
layouts. Unlike, urban context, in which the urban scene
has strong idiosyncrasies (e.g., the size and spatial rela-
tionsof buildings, streets, cars, etc.), there is no "intrinsic"
spatial structure for manufacturing scenes. Note, also,
that some previous work, such as VKITTI (see [1]) cre-
ates a replica of the real-world driving scenes and thus
were highly correlated with those original real data and
lacked variability.
[0010] Moreover, even with a high-level of realism, it
was not obvious how to effectively use photo-realistic
data to train neural networks to operate on real data.
Often, cross-domain adaptation components (see [11,
12, 13]) are used during training the neural network, to
reduce the gap between virtual and real representation.
[0011] To sum up, photo-realistic virtual datasets re-
quire either carefully designed simulation environments
or the existence of annotated real data as a starting point
which is not feasible in many fields such as manufactur-
ing.
[0012] To alleviate such difficulties, Tobin et al (see [7])
introduced the concept of Domain Randomization (DR),
in which realistic rendering is avoided in favor of random
variation.Their approach randomlyvaries the textureand
color of the foregroundobject, the background image, the
number of lights in the scene, the pose of the lights, the
camera position, and the foreground objects. The goal is
to close the reality gap by generating virtual data with
sufficient variation that the network views real-world data
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as just another variation. Using DR, they trained a neural
network to estimate the 3D world position of various
shape-based objects with respect to a robotic arm fixed
to a table. Recent work (see [8]) demonstrated the ability
of DR to achieve state-of-the-art in 2D bounding box
detection of cars in the real-world KITTI dataset (see
[14]). However, DR requires a very large amount of data
to train (~100K per object class) given the amount of
variation, often the network finds it hard to learn the
correct features, and the lack of context prevents DR
from detecting small or occluded objects. In fact, the
results of that work were limited to (1) larger cars which
are (2) fully visible (KITTI Easy dataset). When used for
complex inference tasks such as object detection, this
approach requires sufficient pixels within the bounding
box for the learned model to make a decision without the
surrounding context. All these drawbacks were quantita-
tively confirmed in (see [15]).
[0013] To handle more challenging criteria (e.g. smal-
ler cars, partial occlusion), the authors of [15] propose a
variant of DR, in which, they leverage urban context
information and the urban structure scene by placing
objects randomly according to probability distributions
that arise from the specific problem at hand (i.e. car
detections in urban context) instead of a uniform prob-
ability distribution that was used in previous DR-based
work.
[0014] Also, DR-based methods (see [5, 6, 7, 15]),
mainly, focus on "easy" object classes, which have little
intra-class variability (e.g. "car" class). Important intra-
class variability could cause a significant performance
dropof theseapproaches since theamount of variation to
be taken into account, during data creation, could ex-
ponentially increase. This is the case of spatially recon-
figurable objects, e.g. articulated objects.
[0015] Spatially reconfigurable objects or articulated
objects are those that have components attached via
joints and can move with respect to one another which
could give each object type an infinity range of possible
status.
[0016] The same problem could arise while dealing
with multiple object classes (inter-class & intra-class
variability).
[0017] Also known is O. Bulan et. al, "Segmentation‑
and Annotation-Free License Plate Recognition With
Deep Localization and Failure Identification", IEEE
TRANSACTIONS ON INTELLIGENT TRANSPORTA-
TION SYSTEMS, VOL. 18, NO. 9, SEPTEMBER 2017.
This document discloses a new ALPR workflow that
includes novel methods for segmentation‑ and annota-
tion-free ALPR, as well as improved plate localization
and automation for failure identification.
[0018] Also known is US2019/0066493, which dis-
closes systems and methods for performing domain
adaptation.
[0019] Also known is US2018/0345496A1, which dis-
closes a technique for controlling the execution of a
physical process.

[0020] Also known is US2018/0012411A1, which dis-
closes augmented reality methods and systems.
[0021] Within this context, there is still a need for im-
proved methods of machine learning with a dataset of
scenes including spatially reconfigurable objects.

SUMMARY OF THE INVENTION

[0022] The invention is defined by the appended
claims. Any example and technical descriptions of appa-
ratuses, products and/or methods in the present disclo-
sure not covered by the claims are presented not as
embodiments of the invention but as background art or
examples useful for understanding the invention.

BRIEF DESCRIPTION OF THE DRAWINGS

[0023] Embodiments of the invention will now be de-
scribed, byway of non-limiting example, and in reference
to the accompanying drawings, where:

- FIG.1showsaflowchart of a computer-implemented
process integrating an example of the method;

- FIG.s 2 to 4 show flowcharts illustrating examples of
the computer-implemented process and/or exam-
ples of the method;

- FIG. 5 shows an example of a graphical user inter-
face of the system;

- FIG. 6 shows an example of the system; and
- FIG.s 7 to 32 illustrate the process and/or the meth-

od.

DETAILED DESCRIPTION

[0024] It is provided computer-implemented methods
of machine-learning with a dataset of scenes including
spatially reconfigurable objects.
[0025] It is notably provided a first method of machine-
learning. The first method comprises providing a dataset
of virtual scenes. Thedataset of virtual scenes belongs to
a first domain. The first method further comprises provid-
ing a test dataset of real scenes.The test dataset belongs
to a second domain. The first method further comprises
determining a third domain. The third domain is closer to
the second domain than the first domain in terms of data
distributions. The first method further comprises learning
a domain-adaptive neural network based on the third
domain. The domain-adaptive neural network is a neural
network configured for inference of spatially reconfigur-
able objects in a real scene. This first method may be
referred to as "domain-adaptive learning method" in the
following.
[0026] Thedomain-adaptive learningmethod formsan
improved method of machine-learning with a dataset of
scenes including spatially reconfigurable objects.
[0027] Notably, the domain-adaptive learning method
provides a domain-adaptive neural network able to infer
spatially reconfigurable objects in real scenes. This al-
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lows to use the domain-adaptive learning method in a
process of inference of spatially reconfigurable objects in
real scenes, for instance a process of inference of spa-
tially reconfigurable manufacturing tools (e.g. industrial
articulated robots) in real manufacturing scenes.
[0028] Furthermore, the domain-adaptive neural net-
work may not be learned directly on a dataset of real
scenes, yet the domain-adaptive neural network is still
able to infer real spatially reconfigurable objects in real
scenes. Such an improvement is notably accomplished
by the determining of the third domain according to the
domain-adaptive learning method. Indeed, the first do-
main, because made of virtual scenes, may be relatively
far from the second domain (that is, the domain of the test
dataset of the domain-adaptive neural network, which is
made of real scenes) in terms of data distributions. Such
reality gap may render difficult and/or inaccurate a learn-
ing of the domain-adaptive neural network which would
be directly based on the dataset of virtual scenes. Such a
learning could indeed result in a domain-adaptive neural
network which could produce inaccurate results in terms
of inference of spatially reconfigurable objects in a real
scene. Instead, the domain-adaptive learning method
determines a third domain closer to the second domain
that the first domain, in terms of data distributions, and
bases the learning of the domain-adaptive neural net-
work on this third domain. Thismakes possible the learn-
ing of a domain-adaptive neural network able to infer
accurately spatially reconfigurable objects in real scenes
while the only dataset provided (i.e. given as input to the
domain-adaptive learning method) is in fact a dataset of
virtual scenes. In other words, both the learning and the
learned domain-adaptive neural network are more ro-
bust.
[0029] This amounts to say that the dataset of virtual
scenes is, theoretically, intended to be a training set (or a
learning set) of the domain-adaptive neural network, and
that the domain-adaptive learning method comprises,
before the actual learning, a stage, namely the determin-
ing of the third domain, of pre-processing of the training
set so as to learn the domain-adaptive neural network
with the improvements previously discussed. In other
words the true training/learning domain of the domain-
adaptive neural network is the third domain and stems
from a pre-processing of the domain originally intended
tobe the training/learningdomainof thedomain-adaptive
neural network (i.e. the first domain). Nevertheless, rely-
ing on the dataset of virtual scenes as a theoretical
training set (that is, to be processed before being used
for the training, as previously discussed) allows to use a
dataset with a large number of scenes. Indeed, generally
there may be no, or at least not much, available large
datasets of real scenes comprising spatially reconfigur-
able objects, such as manufacturing scenes comprising
spatially reconfigurable manufacturing tools. Such data-
sets may indeed be difficult to obtain because of priva-
cy/confidentiality issues: for instance, manufacturing
scenes with spatially reconfigurable manufacturing tool

such as robots are typically confidential and thus not
publicly available. Furthermore, even if such a large
dataset of real scene would be obtainable, it would likely
contain numerous annotation (e.g. labelling) mistakes:
annotating a spatially reconfigurable object (such as a
manufacturing tool, e.g. a robot) may indeed difficult for a
person which has not the proper skills for it, because a
spatially reconfigurable object could have positions that
are so numerous and/or so complex that its recognition in
a real scene and its annotation by hand would require a
certain amount of skills and knowledge. On the other
hand, a large dataset of virtual scenes can be easily
obtained, for instance by using a simulation software to
easily generate the virtual scenes. Besides, annotations
of objects in the virtual scenes, such as spatially reconfi-
gurable objects, is relatively easy and, most of all, can be
carried out automatically and without mistakes. Indeed,
the simulation software typically knows the specifications
of objects pertaining to the simulations, thus their anno-
tation can be carried out automatically by the software
and with a low risk of annotation mistakes.
[0030] In examples, eachvirtual sceneof thedataset of
virtual scenes is a virtual manufacturing scene compris-
ing one or more spatially reconfigurable manufacturing
tools. In these examples, the domain-adaptive neural
network is configured for inference of spatially reconfi-
gurable manufacturing tools in a real manufacturing
scene. Additionally or alternatively, each real scene of
the test dataset is a realmanufacturing scene comprising
oneormore spatially reconfigurablemanufacturing tools.
In such cases, the domain-adaptive neural network is
configured for inference of spatially reconfigurable man-
ufacturing tools in a real manufacturing scene.
[0031] In such examples, the domain-adaptive neural
network is inanycaseconfigured for inferenceof spatially
reconfigurable manufacturing tools (e.g. spatially recon-
figurable manufacturing robots) in a real manufacturing
scene. The previously-discussed improvements brought
by the domain-adaptive learning method are particularly
emphasized in these examples. Notably, it is difficult to
rely on large a training set of real manufacturing scenes
comprising spatially reconfigurable manufacturing tools,
because such sets are typically confidential and/or public
but poorly annotated. On the other hand, providing as a
training set a large dataset of virtual manufacturing
scenes comprising spatially reconfigurable manufactur-
ing tools is particularly convenient, because such a da-
taset may be easily obtained and automatically anno-
tated, for example by using a software able to generate
virtual simulations in virtual manufacturing environ-
ments.
[0032] It is also provided a domain-adaptive neural
network learnable according to the domain-adaptive
learning method.
[0033] It is also provided a second computer-imple-
mented method of machine-learning. The second meth-
od comprises providing a test dataset of scenes. The test
dataset belongs to a test domain. The second method
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comprises providing a domain-adaptive neural network.
The domain-adaptive neural network is a machine-
learned neural network learned on data obtained from
a training domain. The domain-adaptive neural network
is configured for inference of spatially reconfigurable
objects in a sceneof the test domain. The secondmethod
further comprises determining an intermediary domain.
The intermediary domain is closer to the training domain
than the test domain in terms of data distributions. The
second method further comprises inferring, by applying
the domain-adaptive neural network, a spatially reconfi-
gurable object from a scene of the test domain trans-
ferred on the intermediary domain. This second method
may be referred to as "the domain-adaptive inferring
method".
[0034] Thedomain-adaptive inferringmethod formsan
improved method of machine-learning with a dataset of
scenes including spatially reconfigurable objects.
[0035] Notably, the domain-adaptive inferring method
allows the inferenceof spatially configurableobjects from
scenes. This allows to use the domain-adaptive inferring
method in a process of inference of spatially reconfigur-
able objects, for instance a process of inference of spa-
tially reconfigurable manufacturing tools (e.g. industrial
articulated robots) in manufacturing scenes.
[0036] Furthermore, the method allows to infer accu-
rately spatially reconfigurable objects from scenes of the
test dataset while the domain-adaptive neural network
used for such an inference has been machine-learned
based on data obtained from a training domain, the
training domain being possibly far from the test domain
(to which the test dataset belongs) in terms of data
distributions. Such an improvement is notably accom-
plished by the determining of the intermediary domain.
Indeed, in order to better use the domain-adaptive neural
network, the domain-adaptive inferring method trans-
forms scenes of the test domain into scenes belonging
to the intermediary domain, in other words scenes that
are closer to learning scenes of the domain-adaptive
neural network in terms of data distributions, before
applying the domain-adaptive neural network for infer-
ence. In other words, the domain-adaptive inferring
method allows to provide as input to the domain-adaptive
neural network not directly a sceneof the test domain, but
a scene closer to scenes on which the domain-adaptive
neural network has been learned, so as to improve the
accuracy and/or quality of the outputs of the domain-
adaptive neural network (which are each one or more
spatially reconfigurable object inferred in a respective
scene of the test domain).
[0037] The improvements brought by the domain-
adaptive inferring method are thus particularly empha-
sized in examples where the test domain and the training
domain are relatively far fromeachother. Thismaybe the
case for example when the training domain is made of
virtual scenes and when the test domain is made of real
scenes.Thismayalsobe thecase forexamplewhenboth
the training domain and the test domain are made of

virtual scenes, but the scenesof the test domainaremore
photo-realistic than the scenes of the training domain. In
all these examples, the method comprises a stage,
namely the determining of the intermediary domain, of
pre-processing of scenes of the test domain which are
provided as input(s) to the domain-adaptive neural net-
work (e.g. in a testing phase of the domain-adaptive
neural network), so as to bring them closer to the scenes
of the training domain in terms of photo-realism (which
may be quantified in terms of data distributions). As a
result, the level of photo-realism of scenes which are
provided as input(s) to the domain-adaptive neural net-
work is brought closer to the photo-realism of scenes on
which the domain-adaptive neural network has been
learned. This ensures a better quality of the outputs of
the domain-adaptive neural network (namely inferred
spatially reconfigurable objects inferred on scenes of
the test domain).
[0038] In examples, the training domain comprises a
training dataset of virtual scenes each comprising one or
more spatially reconfigurable objects. Additionally, each
virtual scene of the dataset of virtual scenes may be a
virtual manufacturing scene comprising one or more
spatially reconfigurable manufacturing tools, the do-
main-adaptive neural network being in such cases con-
figured for inference of spatially reconfigurablemanufac-
turing tools in a real manufacturing scene. Additionally or
alternatively, the test dataset comprises real scenes. In
examples of such cases, each real scene of the test
dataset is a real manufacturing scene comprising one
ormorespatially reconfigurablemanufacturing tools, and
the domain-adaptive neural network is configured for
inference of spatially reconfigurable manufacturing tools
in a real manufacturing scene.
[0039] In these examples, the domain-adaptive neural
network may be in any case configured for inference of
spatially reconfigurable manufacturing tools (e.g. spa-
tially reconfigurable manufacturing robots) in a real man-
ufacturing scene. The previously-discussed improve-
ments brought by the domain-adaptive inferring method
are particularly emphasized in these examples. Notably,
it is difficult to rely on large a training set of real manu-
facturing scenes comprising spatially reconfigurable
manufacturing tools, because such sets are typically
confidential and/or public but poorly annotated. On the
other hand, using as a training set a large dataset of
virtual manufacturing scenes comprising spatially recon-
figurable manufacturing tools is particularly convenient,
because such a dataset may be easily obtained and
automatically annotated, for example byusinga software
able to generate virtual simulations in virtual manufactur-
ing environments. At least for these reasons, the domain-
adaptive neural network may have been learned on a
training set of virtual manufacturing scenes. The pre-
viously discussed pre-processing of the test dataset,
carried out by the determining of the intermediary do-
main, thus takes into account the training set of the
domain-adaptive neural network by cleverly bringing real
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manufacturing scenes of the test dataset closer to the
scenes of the training set in terms of data distribution, so
as to ensure a better output quality of the domain-adap-
tive neural network.
[0040] The domain-adaptive inferring method and the
domain-adaptive learning method may be performed
independently. In particular, the domain-adaptive neural
network provided according to the domain-adaptive in-
ferring method may have been learned according to the
domain-adaptive learning method or by any other ma-
chine-learning method. Providing the domain-adaptive
neural network according to the domain-adaptive infer-
ring method may comprise accessing, e.g. remotely
through a network, a data storage medium on which
the domain-adaptive neural network has been stored
subsequent to its learning (e.g. according to the do-
main-adaptive learning method) and retrieving the do-
main-adaptive neural network from the database.
[0041] In examples, the data obtained from the training
domain comprises scenes of another intermediary do-
main. In these examples, the domain-adaptive neural
network has been learned on the another intermediary
domain. The another intermediary domain is closer to the
intermediary domain than the training domain in terms of
data distributions. In such examples, the domain-adap-
tive neural network may be a domain-adaptive neural
network learnable according to the domain-adaptive
learning method. The test dataset according to the do-
main-adaptive learning method may equal the test data-
set according to the domain-adaptive inferring method,
and the test domain according to the domain-adaptive
inferring method may equal the second domain accord-
ing to the domain-adaptive learningmethod. The training
domain according to the domain-adaptive inferringmeth-
od may equal the first domain according to the domain-
adaptive learningmethod, and thedataobtained from the
training domain may belong to (e.g. form) the third do-
main determined according to the domain-adaptive
learning method. The another intermediary domain
may be the third domain determined according to the
domain-adaptive learning method.
[0042] Such examples combine the previously dis-
cussed improvements brought by the domain-adaptive
learning method and by the domain-adaptive inferring
method: the useof a largedataset of virtual scenes rightly
annotated as a training set of the domain-adaptive neural
network, the pre-processing stage of the training set
carried out by the determining of the third domain (or
the another intermediary domain), which improves the
quality and/or the accuracy of the output of the domain-
adaptive neural network, and thepre-processing stageof
the test dataset of real scenes carried out by the deter-
mining of the intermediary domain, which further im-
proves the quality and/or the accuracy of the output of
the domain-adaptive neural network.
[0043] The domain-adaptive learning method and the
domain-adaptive inferring method may alternatively be
integrated to a same computer-implemented process.

FIG. 1 shows a flowchart illustrating the process, which
is now discussed.
[0044] The process comprises an offline stage inte-
grating the domain-adaptive learningmethod. The offline
stage comprises the providing S10 of a dataset of virtual
scenes and of a test dataset of real scenes according to
the domain-adaptive learning method. The dataset of
virtual scenes belongs to a first domain, which forms
(in theory, as previously explained) a training domain
of the domain-adaptive neural network learned accord-
ing to the domain-adaptive learning method. The test
dataset of real scenes belongs to a second domain,
which forms a test domain of the domain-adaptive neural
network learned according to the domain-adaptive learn-
ing method. The offline stage further comprises the de-
termining S20 of the third domain according to the do-
main-adaptive learning method. The third domain is clo-
ser to the second domain than the first domain in terms of
data distributions. The offline stage further comprises the
learning 30 of the domain-adaptive neural network ac-
cording to the domain-adaptive learning method.
[0045] After the offline stage, it is thus provided by the
process the domain-adaptive neural network learned
according to the domain-adaptive learning method.
The domain-adaptive neural network may in other words
form an output of the offline stage. The offline stage may
be followed by a stage of storing the learned domain-
adaptive neural network, e.g. on a data storage medium
of a device.
[0046] The process further comprises an online stage
integrating the domain-adaptive inferring method. The
online stage comprises the providing S40 the domain-
adaptive neural network learned during the offline stage
according to the domain-adaptive inferring method. No-
tably, the providing S40 of the domain-adaptive neural
network may comprise accessing, e.g. remotely through
a network, a data storage medium on which the domain-
adaptive neural network has been storedat the endof the
offline stage and retrieving the domain-adaptive neural
network from the database. The online stage further
comprises the determining S50 of an intermediary do-
main according to the domain-adaptive inferringmethod.
The intermediary domain is closer to the first domain than
theseconddomain in termsofdatadistributions. It is tobe
understood that, in the context of the process: the first
domain of the domain-adaptive learning method is the
training domain of the domain-adaptive inferringmethod,
the second domain of the domain-adaptive learning
method is the test domain of the domain-adaptive infer-
ring method, the test dataset of the domain-adaptive
learning method is the test dataset of the domain-adap-
tive inferring method, and the data obtained from the
training domain domain-adaptive inferring method be-
longs to (e.g. forms) the third domain. The online stage
may further comprise the inferring S60 of a spatially
reconfigurable object according to the domain-adaptive
inferring method.
[0047] The process combines the previously dis-
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cussed improvements brought by the domain-adaptive
learning method and by the domain-adaptive inferring
method: the useof a largedataset of virtual scenes rightly
annotated as a training set of the domain-adaptive neural
network, the pre-processing stage of the training set
carried out by the determining of the third domain, which
improves the quality and/or the accuracy of the output of
thedomain-adaptiveneural network, and thepre-proces-
sing stage of the test dataset of real scenes carried out by
thedeterminingof the intermediarydomain,which further
improves the quality and/or the accuracy of the output of
the domain-adaptive neural network.
[0048] The process may constitute a process of infer-
ence of spatially reconfigurablemanufacturing tools (e.g.
spatially reconfigurable manufacturing robots) in real
manufacturing scenes. Indeed, in examples of the pro-
cess, the virtual scenes of the first domain may be each
virtual manufacturing scenes comprising one or more
spatially reconfigurable manufacturing tools and the real
scenes of the second domain may be each real manu-
facturing scenes comprising one ormore spatially recon-
figurable manufacturing tools. The domain-adaptive
neural network learned during the offline stage is thus
in these examples configured for inference of spatially
reconfigurablemanufacturing tools in realmanufacturing
scenes. The offline stage beneficiates from the pre-
viously discussed improvement provided by the do-
main-adaptive learning method in the particular case of
inference of manufacturing tools: the virtual manufactur-
ing scenes are easy to obtain in a large quantity and
rightly annotated, while the previously-discussed pre-
processing of the training set allows to bring closer the
scenes of the training set to the real scenes of the test
dataset, which improves robustness and accuracy of the
learneddomain-adaptive neural network.Combinedwith
these improvements are those brought by the domain-
adaptive inferring method integrated in the online stage
of the process. These improvements comprise the pre-
viously-discussed pre-processing of the test dataset so
as to bring the real scenes of the test dataset closer to the
scenes of the third domain, on which the domain-adap-
tive neural network has been learned at the offline stage,
thereby improving the quality of the output of the domain-
adaptive neural network. As a result, the inferring S60 of
spatially reconfigurable manufacturing tools in real man-
ufacturing scenes at the online stage is particular accu-
rate and robust. The process may thus constitute a
particularly robust and accurate process of inference of
spatially reconfigurable manufacturing tools in real man-
ufacturing scenes.
[0049] The domain-adaptive learning method, the do-
main-adaptive inferring method, and the process are
computer-implemented. The notion of computer-imple-
mented method (resp. process) is now discussed.
[0050] By "a method (resp. process) is computer-im-
plemented", it is meant that steps (or substantially all the
steps) of the method (resp. process) are executed by at
least one computer, or any system alike. Thus, steps of

the method (resp. process) are performed by the com-
puter, possibly fully automatically, or, semi-automatically.
In examples, the triggering of at least someof the steps of
the method (resp. process) may be performed through
user-computer interaction. The level of user-computer
interaction required may depend on the level of automa-
tism foreseen and put in balance with the need to imple-
ment user’s wishes. In examples, this level may be user-
defined and/or pre-defined.
[0051] A typical example of computer-implementation
of a method (resp. process) is to perform the method
(resp. process) with a system adapted for this purpose.
The system may comprise a processor coupled to a
memory and a graphical user interface (GUI), the mem-
ory having recorded thereon a computer program com-
prising instructions for performing the method (resp.
process). The memory may also store a database. The
memory is any hardware adapted for such storage, pos-
sibly comprising several physical distinct parts (e.g. one
for the program, and possibly one for the database).
[0052] FIG. 5 shows an example of the GUI of the
system, wherein the system is a CAD system.
[0053] The GUI 2100 may be a typical CAD-like inter-
face, having standard menu bars 2110, 2120, as well as
bottom and side toolbars 2140, 2150. Such menu‑ and
toolbars contain a set of user-selectable icons, each icon
being associated with one or more operations or func-
tions, as known in the art. Some of these icons are
associatedwith software tools, adapted for editing and/or
working on the 3D modeled object 2000 displayed in the
GUI 2100. The software tools may be grouped into work-
benches. Each workbench comprises a subset of soft-
ware tools. In particular, one of the workbenches is an
edition workbench, suitable for editing geometrical fea-
tures of the modeled product 2000. In operation, a de-
signer may for example pre-select a part of the object
2000 and then initiate an operation (e.g. change the
dimension, color, etc.) or edit geometrical constraints
by selecting an appropriate icon. For example, typical
CAD operations are the modeling of the punching or the
folding of the 3Dmodeled object displayedon the screen.
TheGUImay for exampledisplaydata2500 related to the
displayed product 2000. In the example of the figure, the
data 2500, displayed as a "feature tree", and their 3D
representation 2000 pertain to a brake assembly includ-
ing brake caliper and disc. The GUI may further show
various types of graphic tools 2130, 2070, 2080 for ex-
ample for facilitating 3D orientation of the object, for
triggering a simulation of an operation of an edited pro-
duct or render various attributes of the displayed product
2000. A cursor 2060may be controlled by a haptic device
to allow the user to interact with the graphic tools.
[0054] FIG. 6 shows an example of the system, where-
in the system is a client computer system, e.g. a work-
station of a user.
[0055] Theclient computer of theexample comprisesa
central processing unit (CPU) 1010 connected to an
internal communication BUS 1000, a random access
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memory (RAM) 1070 also connected to the BUS. The
client computer is further provided with a graphical pro-
cessing unit (GPU) 1110 which is associated with a video
random access memory 1100 connected to the BUS.
Video RAM 1100 is also known in the art as frame buffer.
A mass storage device controller 1020 manages ac-
cesses to a mass memory device, such as hard drive
1030. Mass memory devices suitable for tangibly em-
bodying computer program instructions and data include
all forms of nonvolatile memory, including by way of
example semiconductor memory devices, such as
EPROM, EEPROM, and flash memory devices; mag-
netic disks such as internal hard disks and removable
disks; magneto-optical disks; and CD-ROM disks 1040.
Any of the foregoing may be supplemented by, or incor-
porated in, specially designed ASICs (application-speci-
fic integrated circuits). A network adapter 1050manages
accesses to a network 1060. The client computer may
also include a haptic device 1090 such as cursor control
device, a keyboard or the like. A cursor control device is
used in the client computer to permit the user to selec-
tively position a cursor at any desired location on display
1080. In addition, the cursor control device allows the
user to select various commands, and input control sig-
nals. The cursor control device includes a number of
signal generation devices for input control signals to
system. Typically, a cursor control device may be a
mouse, the button of the mouse being used to generate
the signals. Alternatively or additionally, the client com-
puter system may comprise a sensitive pad, and/or a
sensitive screen.
[0056] The computer program may comprise instruc-
tions executable by a computer, the instructions compris-
ing means for causing the above system to perform the
domain-adaptive learning method, domain-adaptive in-
ferring method and/or the process. The programmay be
recordable on any data storage medium, including the
memory of the system. The programmay for example be
implemented in digital electronic circuitry, or in computer
hardware, firmware, software, or in combinations of
them. The program may be implemented as an appara-
tus, for example a product tangibly embodied in a ma-
chine-readable storage device for execution by a pro-
grammable processor. Process/method steps (that is
steps of the domain-adaptive learning method, do-
main-adaptive inferring method and/or the process)
maybeperformedbyaprogrammable processor execut-
ing a program of instructions to perform functions of the
process by operating on input data and generating out-
put. The processor may thus be programmable and
coupled to receive data and instructions from, and to
transmit data and instructions to, a data storage system,
at least one input device, and at least one output device.
The application program may be implemented in a high-
level procedural or object-oriented programming lan-
guage, or in assembly or machine language if desired.
In any case, the language may be a compiled or inter-
preted language. The program may be a full installation

program or an update program. Application of the pro-
gram on the system results in any case in instructions for
performing the domain-adaptive learning method, do-
main-adaptive inferring method and/or the process.
[0057] The concept of providing a dataset of scenes,
involved in the domain-adaptive learning method, do-
main-adaptive inferring method and the process, will
be discussed. Prior to the discussion of this concept,
data structures involved therein are now discussed. As
will be recognized, the data structure definitions and
examples provided herein may apply to at least part (e.
g. all) of any dataset provided the domain-adaptive learn-
ingmethod, domain-adaptive inferringmethodand/or the
process.
[0058] In the context of the present disclosure, a scene
designates an arrangement (e.g. a disposition) of one or
more objects in a background at a point in time. The
background typically represents a real-world physical
environment, the objects typically represent real-world
physical object, and the arrangement of the objects ty-
pically represents a disposition of the real-world objects
in the real-world environment at the point in time. This
amounts to say that a scene is a representation at one
point in time of real-world objects in their real-world
environment. This representation may be real, geome-
trically realistic, semantically realistic, photo-realistic,
and/or virtual. The concepts of real, geometrically realis-
tic, semantically realistic, photo-realistic and virtual
scenes will be discussed hereinafter. A scene is typically
(but not always) three-dimensional. In the following, the
distinction between a scene (e.g. virtual or real) and its
representation (e.g.byavirtual or a real image)will not be
made, for the sake of simplicity.
[0059] In the context of the present disclosure a data-
set of scenes typically comprises a large number of
scenes, for example higher than 1000, 10000, 100000,
or 1000000 scenes. Any dataset of scenes of the present
disclosuremay bemade or substantially made of scenes
which are from a same context (e.g. manufacturing
scenes, construction site scenes, harbour scenes, or
tarmac scenes). The scenes which are involved in the
domain-adaptive learning method, in the domain-adap-
tive inferringmethod and/or the processmay in fact be all
scenes forma same context (e.g. manufacturing scenes,
construction site scenes, harbour scenes, or tarmac
scenes)
[0060] Any scene involved in the domain-adaptive
learning method, in the domain-adaptive inferring meth-
od and/or the process may comprise one or more spa-
tially reconfigurable objects. An object which is spatially
reconfigurable is an object comprising several (e.g. me-
chanical) parts, the object being characterized in that
there exists one or more semantically realistic spatial
relationships between said parts of the object. A spatially
reconfigurable object may typically be a (e.g. mechan-
ical) assembly of parts physically linked to eachother, the
assembly havingat least onedegreeof freedom.By this it
is meant that at least a first part of the object is movable

5

10

15

20

25

30

35

40

45

50

55



10

17 EP 3 736 740 B1 18

relative to at least a second part of the object while both
the at least first part and the at least second part remain
physically attached to the assembly. For example, the at
least first part may be translated and/or rotated relatively
to the at least second part. A spatially reconfigurable
object may therefore have a very large number of spatial
configurations and/or positions, which makes the object
difficult to identify, and e.g. to label, for a person not
having the proper skills. In the context of the present
disclosure, a spatially reconfigurable object may be a
spatially reconfigurable manufacturing tool (such as an
industrial articulated robot) in a manufacturing scene, a
crane in a construction site scene, an aerial passageway
in a tarmac scene or a port crane in a harbour scene.
[0061] In the context of the present disclosure, a scene
maybeamanufacturingscene.Amanufacturingscene is
a scene representing real-world objects in a real-world
manufacturing environment. A manufacturing environ-
ment may be a plant or a part of a plant. An object in the
plant or the part of the plant may be a manufactured
product, i.e. a product already manufactured by one or
moremanufacturing processes carried out at the plant at
the point in time pertaining to the scene. An object in the
plant or the part of the plant may also be a product being
manufactured, i.e. a product being manufactured by one
ormoremanufacturing processes carried out at the plant
at thepoint in timepertaining to thescene.Anobject in the
plant or the part of the plant may also be a (e.g. spatially
reconfigurable)manufacturing tool, that is a tool involved
in one or more manufacturing process carried out at the
plant. An object in the plant may also be an object con-
stitutive of the background of the plant.
[0062] In other words, a scene representing a plant, or
a part of the plant, may thus comprise one or more
products, each being in the process of being manufac-
tured or being already manufacture by one or more
manufacturing processes of the plant, and one or more
manufacturing tools, e.g. each involved in the manufac-
turing of one or more of said products. A product may
typically be a (e.g. mechanical) part or assembly of parts
(or equivalently an assembly of parts, as the assembly of
partsmay be seen as a part itself from the point of view of
the present disclosure).
[0063] A mechanical part may be a part of a terrestrial
vehicle (including e.g. car and light truck equipment,
racing cars, motorcycles, truck and motor equipment,
trucks and buses, trains), a part of an aerial vehicle
(including e.g. airframe equipment, aerospace equip-
ment, propulsion equipment, defense products, airline
equipment, space equipment), a part of a naval vehicle
(including e.g. navy equipment, commercial ships, off-
shore equipment, yachts and workboats, marine equip-
ment), a general mechanical part (including e.g. indus-
trial manufacturing machinery, heavy mobile machinery
or equipment, installed equipment, industrial equipment
product, fabricated metal product, tire manufacturing
product, articulated and/or reconfigurablemanufacturing
equipment such as a robotic arm), an electromechanical

or electronic part (including e.g. consumer electronics,
security and/or control and/or instrumentation products,
computing and communication equipment, semiconduc-
tors, medical devices and equipment), a consumer good
(including e.g. furniture, home and garden products,
leisure goods, fashion products, hard goods retailers’
products, soft goods retailers’ products), a packaging
(including e.g. food and beverage and tobacco, beauty
and personal care, household product packaging).
[0064] A mechanical part may also be one or a plau-
sible combination of: a molded part (i.e. a part manufac-
tured by a molding manufacturing process), a machined
part (i.e. a part manufactured by a machining manufac-
turing process), a drilled part (i.e. a part manufactured by
adrillingmanufacturing process), a turnedpart (i.e.apart
manufactured by a turning manufacturing process), a
forged part (i.e. a part manufactured by a forging man-
ufacturing process), a stamped part (i.e. a part manu-
factured by a stamping manufacturing process) and/or a
folded part (i.e. a part manufactured by a folding manu-
facturing process).
[0065] A manufacturing tool may be any one of:

- amachining tool (i.e.a tool carrying out at least a part
of a machining process), such as a broaching ma-
chine, a drill press, a gear shaper, a hobbing ma-
chine, a hone, a lathe, a screw machine, a milling
machine, a sheet metal shear), a shaper, a saw, a
planer, a Stewart platformmill, a grindingmachine, a
multitasking machine tool (e.g. with many axes that
combine turning, milling, grinding, and/or material
handling into one highly automated machine tool);

- a compression molding machine (i.e. a machine
carrying out at least a part of a compressionmolding
process), typically comprising at least a mold or a
molding matrix such as a flash plunger-type mold,
straight plunger-type, or a landedplunger-typemold;

- an injection molding machine (i.e. a machine carry-
ing out at least a part of an injection molding pro-
cess), such as a die casting machine, a metal injec-
tion molding machine, a plastic injection molding
machine, a liquid silicon injection molding machine,
or a reaction injection molding machine;

- a rotary cutting tool (e.g. carrying out at least a part of
a drilling process), such as a drill bit, a countersink, a
counterbore, a tap, a die, amilling cutter, a reamer, or
a cold saw blade;

- a non-rotary cutting tool (e.g. carrying out at least a
part of a turning process), such as a tipped tool or a
form tool;

- a forgingmachine (i.e. carrying out at least a part of a
forgingprocess), suchasamechanical forgingpress
(typically comprising at least one forging die), a
hydraulic forging press (typically comprising at least
one forging die), a forging hammer powered by
compressed air, a forging hammer powered by elec-
tricity, a forging hammer powered by hydraulics, or a
forging hammer powered by steam;
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- astampingmachine (i.e. carryingout at least apart of
a stamping process), such as a stamping press, a
machine press, a punching machine, a blanking
machine, an embossing machine, a bending ma-
chine, a flanging machine, or a coining machine;

- a bending or folding machine (i.e. carrying out at
least apart of abendingor foldingprocess), suchbox
and pan brake, a press brake, a folder, a panel
bender or a machine press;

- a spot welding robot; or
- an electrical painting tool (i.e. carrying out at least a

part of a painting process of a product), such as a (e.
g. electrical) automotive painting robot.

[0066] Any one of themanufacturing tools listed above
may be a spatially reconfigurablemanufacturing tool, i.e.
a manufacturing tool that is spatially reconfigurable, or
may form at least a part of a spatially reconfigurable
manufacturing tool. For example, a manufacturing tool
held by a tool-holder of a spatially reconfigurable man-
ufacturing tool forms at least a part of the spatially re-
configurable manufacturing tool. A spatially reconfigur-
able manufacturing tool, such as any one of the tools
listedabove,maybeamanufacturing robot suchasan (e.
g. articulated) industrial robot.
[0067] The concept of real scene is now discussed. As
previously said, a scene represents a disposition of real-
world objects in a real-world environment (i.e. the back-
ground of the scene). The scene is real when the repre-
sentationof thedisposition isaphysical arrangement that
stems from an acquisition of the same physical arrange-
ment as it is in the real-world. The acquisition may be
carried out by a digital image acquisition process, which
creates a digitally encoded representation of the visual
characteristics of the physical arrangement of the objects
in their environment. Such a digitally encoded represen-
tation may be referred to as "an image" or "a digital
image" in the following, for the sake of simplicity. The
digital image acquisition process may optionally com-
prise theprocessing, the compressionand/or the storage
of such images. A digital image may be created directly
from a physical environment by a camera or similar
device, a scan or similar device, and/or a video-camera
or similar device. Alternatively, a digital image may be
obtained from another image in a similar medium, such
as photographs, photographic film (e.g. the digital image
is a snapshot of an instant of the film), or printed paper, by
an image scanner or similar device. A digital image may
also be obtained by processing of non-image data, such
as those acquired with tomographic equipment, scans,
side-scan sonar, radio telescopes, X-ray detectors an-
d/or photostimulable phosphor plate (PSP). In the con-
text of thepresent disclosure, a realmanufacturing scene
may for example stem from a digital image obtained by a
camera (or similar device) located in a plant. Alterna-
tively, the manufacturing scene may stem from a snap-
shot of a film acquired by one or more video-cameras
located at the plant.

[0068] FIG. s 7 to 12 show examples of real manufac-
turing scenes, each respectively comprising the articu-
lated industrial robots 70 and 72, 80, 90, 92, 94, 96 and
98, 100, 102 and 104, 110 and 112, 120, 122 and 124.
[0069] The concept of virtual scene is now discussed.
Ascene isvirtualwhen it stems fromcomputer-generated
data. Such a data may be generated by a (e.g. 3D)
simulation software, a (e.g. 3D) modelling software, a
CAD software, or a video game. This amounts to say that
the scene itself is computer-generated. An object of a
virtual scene may be placed in a realistic position in a
virtual scene. Alternatively, an object of a virtual scene
may be placed in a non-realistic position in a virtual
scene, for example when said object is placed randomly
in an already existing virtual scene, as notably discussed
hereinafter. This amounts to say that a virtual scene
represents a disposition of virtual objects (e.g. virtual
representations of real-world objects) in a virtual back-
ground (e.g. a virtual representation of a real-world en-
vironment). Said disposition may be physically realistic
for at least a part of the virtual objects, i.e. the disposition
of the virtual objects of said at least a part represent a
real-world physical arrangement of real-world objects.
Additionally or alternatively, at least another part of the
virtual objects may be disposed (e.g. relative to each
other and/or relative to objects of said at least a part) in a
non-realistic disposition (i.e. not corresponding to a real-
world physical arrangement), for example when virtual
objects of said at least a part are placed or disposed
randomly, as notably discussed hereinafter. Anyobject of
a virtual scene may be automatically annotated or la-
belled. The concept of labelling an object will be further
discussed hereinbelow. A virtual manufacturing scene
may be generated by a 3D modelling software for man-
ufacturing environment, a 3D simulation software for
manufacturing environment or a CAD software. Any ob-
ject in a virtualmanufacturing scene (suchasaproduct or
manufacturing tool) may be represented virtually by a 3D
modeledobject representing a skin (e.g. outer surface) of
a solid (e.g. a B-rep model). The 3Dmodeled object may
have been designed by a user with a CAD system and/or
may stem from a virtual manufacturing simulation exe-
cuted by a 3D simulation software for manufacturing
environment.
[0070] A modeled object is any object defined by data
stored e.g. in the database. By extension, the expression
"modeled object" designates the data itself. According to
the type of the system performing the domain-adaptive
learning method, the domain-adaptive inferring method
and/or the process, the modeled objects may be defined
by different kinds of data. The systemmay indeed be any
combination of a CAD system, a CAE system, a CAM
system, a PDM system and/or a PLM system. In those
different systems, modeled objects are defined by corre-
sponding data. One may accordingly speak of CAD
object,PLMobject,PDMobject,CAEobject,CAMobject,
CAD data, PLM data, PDM data, CAM data, CAE data.
However, these systems are not exclusive one of the
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other, as a modeled object may be defined by data
corresponding to any combination of these systems. A
systemmay thuswell be both aCADandPLMsystem, as
will be apparent from the definitions of such systems
provided below.
[0071] By CAD system, it is additionally meant any
system adapted at least for designing a modeled object
on the basis of a graphical representation of themodeled
object, such as CATIA. In this case, the data defining a
modeled object comprise data allowing the representa-
tion of the modeled object. A CAD system may for ex-
ample provide a representation of CADmodeled objects
using edges or lines, in certain cases with faces or
surfaces. Lines, edges, or surfaces may be represented
in various manners, e.g. non-uniform rational B-splines
(NURBS). Specifically, a CAD file contains specifica-
tions, from which geometry may be generated, which
in turn allows for a representation to be generated. Spe-
cifications of a modeled object may be stored in a single
CAD file or multiple ones. The typical size of a file re-
presenting a modeled object in a CAD system is in the
range of one Megabyte per part. And a modeled object
may typically be an assembly of thousands of parts.
[0072] By CAM solution, it is additionally meant any
solution, softwareof hardware, adapted formanaging the
manufacturing data of a product. Themanufacturing data
generally includes data related to the product to manu-
facture, the manufacturing process and the required
resources. A CAM solution is used to plan and optimize
the whole manufacturing process of a product. For in-
stance, it can provide the CAM users with information on
the feasibility, the duration of amanufacturing process or
the number of resources, such as specific robots, that
may be used at a specific step of the manufacturing
process; and thus, allowing decision on management
or required investment. CAM is a subsequent process
after a CAD process and potential CAE process. Such
CAMsolutionsareprovidedbyDassault Systèmesunder
the trademark DELMIA®.
[0073] In the context of CAD, a modeled object may
typically be a 3D modeled object, e.g. representing a
product suchasapart or anassemblyof parts, orpossibly
an assembly of products. By "3D modeled object", it is
meant any object which is modeled by data allowing its
3D representation. A 3D representation allows the view-
ingof thepart fromall angles. For example, a3Dmodeled
object, when 3D represented, may be handled and
turned around any of its axes, or around any axis in
the screen onwhich the representation is displayed. This
notably excludes 2D icons, which are not 3D modeled.
The display of a 3D representation facilitates design (i.e.
increases the speed at which designers statistically ac-
complish their task). This speeds up the manufacturing
process in the industry, as the design of the products is
part of the manufacturing process.
[0074] FIG.s 13 to 17 illustrate virtual manufacturing
scenes, each respectively comprising the virtual articu-
lated industrial robots 130, 140, 150 and 152, 160 and

162, and 170 and 172.
[0075] A virtual scene may be geometrically and se-
mantically realistic, which means that the geometry and
the functionalities of virtual objects in the scene (such as
a product or a manufacturing tool in a manufacturing
scene) are realistic, e.g. represent realistically the corre-
sponding geometry and functionalities as they are in the
real-world. A virtual scene may be geometrically and
semantically realistic without being photo-realistic. Alter-
natively, a virtual scene may be geometrically and se-
mantically realistic, and also photo-realistic.
[0076] The concept of photo-realistic image is under-
stood in terms of a number of visible features such as:
Shading (i.e. how the colour and brightness of a surface
varies with lighting), Texture-mapping (i.e. a method of
applying detail to surfaces), Bump-mapping (i.e. a meth-
od of simulating small-scale bumpiness on surfaces),
Fogging/participating medium (i.e. how light dims when
passing through non-clear atmosphere or air), Shadows
(i.e. the effect of obstructing light), Soft shadows (i.e.
varying darkness caused by partially obscured light
sources), Reflection (i.e. mirrorlike or highly glossy re-
flection), Transparency or opacity (i.e. sharp transmis-
sion of light through solid objects), Translucency (i.e.
highly scattered transmission of light through solid ob-
jects), Refraction (i.e. bending of light associated with
transparency), Diffraction (i.e. bending, spreading, and
interference of light passing by an object or aperture that
disrupts the ray), Indirect illumination (i.e. surfaces illu-
minated by light reflected off other surfaces, rather than
directly from a light source, also known as global illumi-
nation), Caustics (i.e. a form of indirect illumination,
reflection of light off a shiny object, and/or focusing of
light through a transparent object, to produce bright high-
lights on another object), Depth of field (i.e. objects
appear blurry or out of focus when too far in front of or
behind the object in focus) and/orMotion blur (i.e. objects
appear blurry due to high-speed motion, or the motion of
the camera). The presence of such characteristics
makes such data (i.e. corresponding to or from which
stems the virtual photo-realistic scene) have similar dis-
tribution to real data (from which stems an image repre-
sentinga real scene). In this context, themoreavirtual set
distribution is close to real world data, the more photo-
realistic it looks.
[0077] The concept of data distribution is now dis-
cussed. In the context of building machine learning
(ML) model, it is often desirable to train the model on
and test it against data that come from the same distribu-
tion. In probability theory and statistics , a probability
distribution is a mathematical function that provides the
probabilitiesof occurrenceof different possibleoutcomes
in an experiment. In other words, the probability distribu-
tion is a description of a random phenomenon in terms of
the probabilities of events. A probability distribution is
defined in terms of an underlying sample space, which is
the set of all possible outcomes of the random phenom-
enon being observed. The sample space may be the set
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of real numbers or a higher-dimensional vector space, or
it may be a list of non-numerical values. It is understand-
able that when training on virtual data and testing on real
data, one faces the distribution shift problem. As modify-
ing virtual images with real images for tackling the shift
problem, the domain-adaptive learning method, the do-
main-adaptive inferring method and/or the process may
transform the distribution of virtual data to better align
with the distribution of real data. To quantify how well the
two distributions align, several approaches can be used.
For the sake of illustration, below are two examples of
approaches.
[0078] The first approach is a Histogram approach.
Consider the case of creatingN image pairs. Each image
pair consists of a first created virtual image, and of a
second one that corresponds to a real image represent-
ing the same scene that the first virtual image, the real
imagebeingobtainedbyusingavirtual-to-real generator.
In order to evaluate the relevance of modifying the train-
ing data, the domain-adaptive learning method, the do-
main-adaptive inferringmethodand/or theprocessquan-
tify how well the virtual image distribution aligns with real
world data before and after the synthetic-to-real modifi-
cation. To do so, the domain-adaptive learning method,
the domain-adaptive inferringmethodand/or the process
may consider a set of real images and compute the
Euclidean distance between themean image of real data
and the virtual data before and after the synthetic-to-real
modification. Formally, considerDv= {v1, ...,VN}andDv’=
{v’1, ..., v’N} the deep features derived from a pre-trained
network, e.g. trained on the ImageNet classification task,
(the inception network, see [22]) of the virtual images
respectively before and after modification. By denoting
the deep features derived from the mean image of the
real data setwithmreal, theEuclideandifferencesareEDv
= {v1 - m, ..., vN - m} and EDv’ = {v’1‑m, ..., v’N - m}. To
assess the alignment with the real data distribution, the
domain-adaptive learning method, the domain-adaptive
inferring method and/or the process compare the distri-
butions ofEDv andEDv’ using histograms. A histogram is
an accurate representation of the distribution of numer-
ical data. It is an estimate of the probability distribution of
a continuous variable. FIG. 18 shows a histogram of the
distributionsof theEuclideandistancesbetweenEDvand
EDv’. According to FIG. 18, the distribution is muchmore
clusteredaround0when the representations comes from
the modified virtual images EDv’ (red) compared to the
distribution obtained when using the original virtual
images EDv (blue). This histogram validates the tested
hypothesis, which assumes that themodified virtual data
are transferred anewdomain closer to the realworld data
than the root virtual data in terms of data distribution. In
termsof photo-realism, consider the test of askingpeople
tovisually guesswhetheragiven image isartificial or real.
It seems evident that themodified images aremore likely
to foolish humans visually than the original virtual ones.
This is directly linked to the distribution alignment as-
sessed by the above histogram.

[0079] The second approach is the Frechet Inception
distance (FID) approach (see [21]). FID compares the
distributions of Inception embeddings (activations from
the penultimate layer of the Inception, see [22]) of two set
of images. Both these distributions aremodeled asmulti-
dimensional Gaussians parametrized by their respective
mean and covariance. Formally, let DA = {(xA)} be a first
dataset of scenes (e.g. a dataset of real scenes) and let
DB = {(xB)} be a second dataset (e.g. of virtual scenes).
The second approach first extracts deep features, vA’s
and vB’s, from xA’s and xB’s, respectively, using a feature
extractor network derived froma pretrained network, e.g.
trainedon the ImageNet classification task, (the inception
network, see [22]). Next, the second approach gathers
the features in v A’s. This yields a number of C-dimen-
sional vectors, where C is the feature dimension. The
second approach then fits a multi-variate Gaussian to

these features vectors by computing the mean and

the co-variance matrix of these vectors. Similar,

wehave and .TheFIDbetween theseextracted
features is:

[0080] The smaller the distance is, the closer the dis-
tributions ofDA andDBare. Fromaphoto-realismpoint of
view, in the case the first dataset is a dataset of real
scenes and the second dataset is a dataset of virtual
scenes, the smaller the distance is, the more photo-
realistic images from DB are. This measurement permits
to assess the relevance of modifying our data from one
domain to another in terms of distribution alignment.
[0081] It follows from the previous discussion on data
distributions that the distance between two datasets of
scenes may be quantified by a distance, such as the
previously discussed Euclidean distance or FID. Thus, in
the context of the present disclosure, by "a first dataset
(e.g.a family,e.g.adomain), theconceptof domainbeing
discussed hereinbelow) of scenes is closer to a second
dataset (e.g. a family, e.g. a domain) of scenes than a
third dataset (e.g. a family, e.g. a domain) of scenes", it is
meant the following: the distance between the first data-
set (resp. familyordomain)and theseconddataset (resp.
family or domain) is lower than the distance between the
third dataset (resp. family or domain) and the second
dataset (resp. family or domain). In the case the second
dataset is a dataset of real scenes, and both the third and
first dataset are datasets of virtual scenes, the first da-
tasetmaybe said to bemore photo-realistic than the third
dataset.
[0082] The concept of "domain" is now discussed. A
domain designates distribution of a family of scenes. As
such, a domain is as well a family of distributions. A
dataset of scenes belongs to a domain if the scenes of
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thedataset and thescenesof the familyare close in terms
of data distribution. In examples, it means that there
exists a predetermined threshold such that, the distance
(e.g. Euclidean or FID as previously discussed) between
the scenes of the dataset and the scenes of the family is
lower than the predetermined threshold. It is to be under-
stood that a dataset of scenesmayalso formadomain as
such, in which case the domain may be referred to as a
"domainof scenes"orasa "domainmadeof thescenesof
the dataset". The first domain according to the domain-
adaptive learningmethod is adomainof virtual scenes,e.
g. a domain of virtual scenes which are each geometri-
cally and semantically realistic but not photo-realistic.
The second domain according to the domain-adaptive
learning method is a domain of real scenes. The test
domain according to the domain-adaptive learningmeth-
odmay be a domain of real scenes. Alternatively, the test
domain may be a domain of virtual scenes, for example
geometrically and semantically realistic and optionally
photo-realistic. The training domain according to the
domain-adaptive learning method may be a domain of
virtual scenes, for example geometrically and semanti-
cally realistic and optionally photo-realistic. In examples,
the training domain is a domain of virtual scenes which
are less photo-realistic than the scenes of the test do-
main, for example the training domain is a domain of
virtual scenes while the test domain is a domain of real
scenes.
[0083] The concept of providing a dataset of scenes is
now discussed.
[0084] In the context of the present disclosure, provid-
ing a dataset of scenes may be carried out automatically
or by a user. For instance, the user may retrieve the
dataset from a memory where the dataset is stored.
The user may further choose to complete the dataset
by adding (e.g. one by one) one or more scenes to the
already retrieved dataset. Adding one or more scenes
may comprise retrieving them from one or more mem-
ories and including them in the dataset. Alternatively, the
user may create at least a part of (e.g. all) the scenes of
the dataset. For example, when providing a dataset of
virtual scenes, the user may first obtain at least a part of
(e.g. all) the scenes by using a 3D simulation software
and/or a 3D modelling software and/or a CAD software,
as previously discussed. More generally, providing a
dataset of virtual scenes, in the context of the domain-
adaptive learning method, the domain-adaptive inferring
methodand/or the process,maybeprecededbyastepof
obtaining (e.g. computing) the scenes, for example by
using a 3D simulation software (e.g. for manufacturing
environment) and/or a 3D modelling software and/or a
CAD software, as previously discussed. Analogously,
providing a dataset of real scenes, in the context of the
domain-adaptive learning method, the domain-adaptive
inferringmethodand/or theprocess,maybeprecededby
a step of obtaining (e.g. acquiring) the scenes, for ex-
ample througha, as previously discussed, adigital image
acquisition process, as previously discussed.

[0085] In examples of the domain-adaptive learning
method and/or of the process, each virtual scene of
the dataset of virtual scenes is a virtual manufacturing
scene comprising one or more spatially reconfigurable
manufacturing tools. In these examples, the domain-
adaptive neural network is configured for inference of
spatially reconfigurable manufacturing tools in a real
manufacturing scene. In these examples, the virtual
scenes of the dataset of virtual scenes may each stem
from a simulation. The providing S10 of the dataset of
virtual scenesmay thus be precededby a stepof carrying
out simulations, e.g. using a 3D simulation software for
manufacturing environment, as previously discussed. In
examples, the simulations may be 3D Experiences (i.e.
virtual scenes with exact modelling and with faithful (e.g.
compliant, e.g. conforming to reality) behaviours), where
different configurations of given scenes, e.g. different
arrangements of objects in a given scene and/or different
configurations of some (e.g. spatially reconfigurable)
objects in a given scene, are simulated. The dataset
may notably comprise virtual scenes corresponding to
said different configurations.
[0086] In examples of the domain-adaptive learning
method and/or of the process, each real scene of the
test dataset is a real manufacturing scene comprising
oneormore spatially reconfigurablemanufacturing tools.
In these examples, the domain-adaptive neural network
is configured for inference of spatially reconfigurable
manufacturing tools in a real manufacturing scene. In
these examples, the real scenes of the test dataset may
each stem from images acquired in a digital acquisition
process. The providing S10 of the test dataset of virtual
scenes may thus be preceded by a step of acquiring
images of a plant from which the scenes of the test
dataset stem from, e.g. by using one or more scans
and/or one or more cameras and/or one or more vi-
deo-cameras.
[0087] In examples of the domain-adaptive inferring
method and/or of the process, the test dataset comprises
real scenes. In these examples, each real scene of the
test datasetmay be a realmanufacturing scene compris-
ing one or more spatially reconfigurable manufacturing
tools, the domain-adaptive neural network being option-
ally configured for inference of spatially reconfigurable
manufacturing tools in a real manufacturing scene. The
providing S10 of the test dataset of virtual scenes may
thus be preceded by a step of acquiring images of a plant
from which the scenes of the test dataset stem from, e.g.
by using one or more scans and/or one or more cameras
and/or one or more video-cameras.
[0088] The determining S20 of the third domain is now
discussed.
[0089] The determining S20 of the third domain is such
that the third domain is closer to the second domain than
the first domain in termsof datadistributions.Assuch, the
determining S20 of the third domain designates, for each
virtual scene of the dataset of virtual scenes belonging to
the first domain, the inferenceof another scene, such that
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all the inferred another scenes form (or at least belong to)
a domain, namely the third domain, which is closer to the
second domain than the first domain in terms of data
distributions. The inference of said another scene may
comprise the transformation (e.g. the translation) of the
virtual scene into said another scene. The transformation
may consist in transforming the virtual scene into said
another scene, for example using a generator able to
transfer an image from one domain to another. It is to be
understood that such a transforming may only concern
one or more parts of the virtual scene: said one or more
parts are transformed, e.g. using the generator, while the
rest of the scene is left unchanged. Said another scene
may consist the scene of which the one ormore parts are
transformed with the rest of the scene being unchanged.
Alternatively, the transformationmay comprise replacing
the rest of the scene by a part of some other scene (e.g.
belonging to the second domain). In such cases, said
another scene may consist in the scene of which the one
or more parts are transformed with the rest of the scene
being replacedbysaidpart of someother scene. It is tobe
understood that the inferencemaybecarriedout similarly
for all scenes of the first domain, e.g. with the same
paradigm for all scenes.
[0090] Examples of the determining S20 of the third
domain are now discussed with reference to FIG. 2,
which shows a flowchart illustrating examples of the
determining S20 of the third domain.
[0091] In examples, the determining S20 of the third
domaincomprises, for eachsceneof thedatasetof virtual
scenes, extracting S200 one or more spatially reconfi-
gurable objects from the scene. In these examples, the
determining S20 further comprises, for each extracted
object, transforming S210 the extracted object into an
object closer to the second domain than the extracted
object in terms of data distributions.
[0092] As previously discussed, the virtual scenes of
thedataset of virtual scenesmaybeobtained, previous to
the providing S10 of the dataset of virtual scenes, by
computing, e.g. using a 3D simulation software, virtual
simulations fromwhich the scenestem.Thecomputingof
the simulation may comprise the automatic localization
and annotation of each spatially reconfigurable object in
each virtual scene. For each virtual scene of the dataset,
and for each spatially reconfigurable object in the virtual
scene, the localization may comprise the computing of a
bounding box around the spatially reconfigurable object.
A bounding box is a rectangular box of which axes are
parallel to the sides of the image representing the scene.
The bounding box is characterized by four coordinates
and is centeredon the spatially reconfigurable objectwith
appropriate ratio and scale, so as to encompass the
whole spatially reconfigurable object. In the context of
the present disclosure, encompassing an object in a
scene maymean encompassing all the part of the object
which is entirely visible on the scene, said part being the
whole object or only a part of it. The annotation may
comprise assigning to each computed bounding box, a

label indicating that the bounding box encompasses a
spatially reconfigurable object. It is to be understood that
the label may indicate further information on the bound-
ing box, for instance that the bounding box encompasses
a spatially reconfigurable manufacturing tool such as an
industrial robot.
[0093] For each respective one of the one or more
spatially reconfigurable objects, extractingS200 the spa-
tially reconfigurable object from the virtual scene may
designate any action resulting in separating the spatially
reconfigurable object from the virtual scene and may be
carried out by any method able to perform such a separ-
ating. The extracting S200 of the spatially reconfigurable
object may from the virtual scene may in fact comprise
detecting a bounding box encompassing the spatially
reconfigurable object, the detecting being based on the
label of the bounding box and optionally comprising
accessing the label. The extracting S200 may further
comprise separating the bounding box from the virtual
scene, thereby also separating the spatially reconfigur-
able object from the virtual scene.
[0094] The transforming S210 of the extracted object
may designate any transformation which changes the
extracted object into another object closer to the second
domain in terms of data distributions. By "closer to the
second domain", it is meant that the object into the
extractedobject is transformed into is itself a scenewhich
belongs toadomain closer to theseconddomain than the
first domain. When the extracting S200 of the object
comprises separating the bounding box encompassing
the object from the virtual scene as previously described,
the transforming S210 of the extracted object may com-
prise the modification of the whole bounding box (thus
including the extracted object) or of the extracted object
only, wherein themodification of the whole bounding box
or of the extracted object only brings it closer to the
second domain in terms of data distributions. The mod-
ificationmay comprise applying to the bounding box or to
the spatially reconfigurable object with the bounding box
a generator able to transform a virtual image into an
image which is more photo-realistic in terms of data
distributions.
[0095] In an implementation, the transforming S210
may be carried out by a CycleGAN Virtual-to-Real net-
work (see [20]) trained on two sets of spatially reconfigur-
able objects: virtual set and real set. It results in a virtual-
to-real spatially reconfigurable object (e.g. robot) gen-
erator that is used to modify the spatially reconfigurable
objects (e.g. robots) invirtual images.ACycleGANmodel
translates an image from one domain to another. It pro-
poses a method that can learn to capture special char-
acteristics of one image set and to figure out how to
translate these characteristics into a second image col-
lection, all in the absence of any paired training exam-
ples. This relaxation of having one-to-one mapping
makes in fact this formulation quite powerful. This is
achieved by a generative model, specifically a Genera-
tive Adversarial Network (GAN) dubbed CycleGAN.
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[0096] FIG. 19 illustrate an example of the extracting
S200 and the transforming S210 of two virtual industrial
articulated robots 190 and 192. Each one of these robots
190and192havebeenextractedS200 froma respective
virtual scene. The extracted robots 190 and 192 are then
transformed S210 into the more photo-realistic robots
194 and 196, respectively.
[0097] Still referring to the flowchart of FIG. 2, the
determining of the third domain may further comprise,
for each transformed extracted object, placing S220 the
transformed extracted object in one ormore scenes each
closer to theseconddomain than thefirst domain in terms
of data distribution. In such cases, the third domain
comprises each scene on which the transformed ex-
tracted object is placed.
[0098] Each scene of the one ormore scenesmaybe a
scene comprising no spatially reconfigurable object, for
example a background scene (i.e. a scene comprising a
sole background, although the background may itself
comprise background objects). Each scene of the one
or more scenes may also be a scene from the same
context than the scene to which the transformed ex-
tracted object originally belongs. This same context
may in fact be the context of all the scenes of the dataset
of virtual scenes.
[0099] Each scene of the one or more scenes is closer
to the second domain than the first domain. By "is closer
to the second domain", it is meant that each scene of the
one or more scenes belongs to a domain which is closer
to the second domain than the first domain. In examples,
each scene of the one or more scenes is a real scene
directly acquired from the reality aspreviously discussed.
Alternatively, each scene of the one or more scenesmay
be generated from a respective virtual scene of the
dataset of virtual scenes, one of said respective virtual
scene being for example the virtual scene to which the
transformed extracted object belonged, in such a way
that the generated scene is real and/or more photo-
realistic than the respective virtual scene. Generating a
scene from a respective virtual scene of the dataset may
comprise applying to the virtual scene a generator able to
transform a virtual image into an image which is real
and/or more photo-realistic. In an implementation, the
generating of the scene may be carried out by a Cycle-
GAN Virtual-to-Real generator (see [20]) trained on two
sets of background (e.g. plant background): virtual set
and real set. It results in a virtual-to-real background (e.g.
plant background) generator that is used to modify the
background (e.g. plant backgrounds) in virtual images. A
CycleGANmodel (see [20]) translatesan image fromone
domain to another. It proposes amethod that can learn to
capture special characteristics of one image set and to
figure out how to translate these characteristics into a
second image collection, all in the absence of any paired
training examples. This relaxation of having one-to-one
mapping makes in fact this formulation quite powerful.
This is achieved by a generative model, specifically a
Generative Adversarial Network (GAN) dubbed Cycle-

GAN.
[0100] The placing S220 of the transformed extracted
object may be carried out (e.g. automatically) by any
method able to paste single and/or multiple images of
objects in imagesof background. TheplacingS220of the
transformed extracted object said one or more scenes
may thus comprise applying such a method to paste the
transformed extracted object on each respective one of
the one or more scenes. It is to be understood that the
scene on which the transformed extracted object may
comprise one or more other transformed extracted ob-
jectswhichhavealreadybeenplacedS220on the scene.
[0101] It follows from the above-discussed examples
that, in these examples, the determining S20 of the third
domain may notably transform separately the spatially
reconfigurable objects of the scenes and the back-
grounds of the scenes to which they belong and may
then place each transformed spatially reconfigurable
object into one or more of the transformed backgrounds.
First, this allows to obtain more configurations of trans-
formed objects in transformed backgrounds than trans-
forming entirely (i.e. without separating the spatially re-
configurable objects and their backgrounds) a virtual
scene of the dataset of virtual scenes. Since the learning
S30 of the domain-adaptive neural network is based on
the scenes of the third domain, the learning is more
robust because the third domain is closer to the test
domain. Second, transforming entirely the virtual scenes
of the dataset of virtual scenes could lead to insufficient
results, because there could be no underlying relation-
ship between the scenes of the test domain due to real
background variability. For example, transforming en-
tirely a virtual scenecomprisingaspatially reconfigurable
object could lead to a transformed scene where the
spatially reconfigurable object could not be distinguished
from (e.g. mixed with) the background. For all these
reasons, transforming entirely the virtual scenes of the
dataset of virtual scenes could lead to insufficient results,
e.g. by yieldinga thirddomainwhichcouldbenot closer to
the second domain than the first domain. Moreover,
scenes of the third domain could in this casebenot suited
for the learning because characteristics of the objects of
interest in these scenes (spatially reconfigurable objects)
could be affected by the transforming.
[0102] FIG. 20 illustrates an example of the placing
S220 of the transformed extracted objects. FIG. 20
shows the transformed extracted industrial articulated
robots 194 and 196 of the example of FIG. 19 placed
S220 in the plant background scenes 200 and 202,
respectively.
[0103] Still referring to the flowchart of FIG. 2, in ex-
amples, the placing S220 of the transformed extracted
object in the one or more scenes is carried out randomly.
Such a random placing S220 of the transformed ex-
tracted object may be carried out (e.g. automatically)
by any method able to paste randomly single and/or
multiple images of objects in images of background.
The random placing S220 of the transformed extracted
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object said one or more scenes may thus comprise
applying such a method to paste randomly the trans-
formed extracted object on each respective one of the
one or more scene.
[0104] PlacingS220 the transformedextractedobjects
randomly improves the robustness of the learning S30 of
the domain-adaptive neural network, which is based on a
learning set made of scenes of the third domain. Indeed,
placing randomly the transformed extracted objects en-
sures that the domain-adaptive neural network will not
focus on the locations of the transformed extracted ob-
jects during the learning S30, because there would be a
too large sparse range of such locations for the learning
S30 to rely on them and/or to learn correlations between
the transformed extracted object and their positions.
Instead, the learningS30may truly focuson the inference
of the spatially reconfigurable objects regardless of their
locations. Incidentally, not relying on the locations of the
spatially reconfigurable objects allows to reduce signifi-
cantly the risks for the domain-adaptive neural network to
miss a spatially reconfigurable object that the domain-
adaptive neural network is supposed to infer for themere
reason that the object does not occupy a proper location.
[0105] In the above examples, the third domain com-
prises, for each transformed extracted object, each
scene on which the transformed extracted object is
placed S220. For example, the third domain is made of
such scenes. In other words, for all scenes of the dataset
of virtual scenes, the extracting S200, the transforming
S210 and the placing S220 are carried out similarly. For
example, they are carried out such that all scenes on
which one or more transformed extracted objects is
placed S220 have substantially the same level of
photo-realism. In other words, they belong to and/or form
a domain, namely the third domain.
[0106] Still referring to the flowchart of FIG. 2, the
determining S20 of the third domain may comprise pla-
cing S230 one ormore distractors in each respective one
of one or more scenes comprised in the third domain. A
distractor is an object which is not a spatially reconfigur-
able object.
[0107] A distractor may be an object which has sub-
stantially the same level of photo-realism than the trans-
formed extracted objects. As a matter of fact, the dis-
tractors may be objects of the virtual scenes of the
dataset of virtual scenes which are extracted from said
virtual scenes, transformed into objects closer to the
second domain, and placed in the scenes of the third
domain in a similar manner as for the spatially reconfi-
gurable objects of the virtual scenes. Alternatively, the
distractors may stem from another dataset of real or
virtual distractors, in which case the determining S20
may comprise a step of providing such a dataset. It is
to be understood that, in any case, the distractors have a
level of photo-realism which is such that they may be
placed S230 in the scenes of the third domain and that,
after such a placing S230, the scenes still belong to the
third domain.

[0108] A distractor may be a mechanical part, e.g.
extracted and transformed from a virtual manufacturing
scene, as previously discussed, or any other object, e.g.
that is part of the background of a virtual (e.g. manufac-
turing) scene. FIG. 21 shows three distractors 210, 212
and 214 to be placed in one or more scenes of the third
domain in the context of manufacturing scenes. The
distractors 210, 212 and 214 are respectively a hard
hat (which is an object of the background of a manufac-
turing scene), a sheet of metal (which is a mechanical
part) and an iron horseshoe-shaped forged part (which is
a mechanical part).
[0109] Placing S230 distractors, and especially dis-
tractors which are obtained similarly to the transformed
extracted objects (as previously discussed), allows to
reduce the sensibility of the neural network to numerical
(e.g. digital, e.g. imaging) artefacts. Indeed, as a result of
the extracting S200 and/or the transforming S210 and/or
the placing S220, it may be that a scene of the third
domain comprising at least one transformed extracted
object features one or more numerical artefacts at the
location where the at least one transformed extracted
object is placed S220. Placing S230 a distractor in the
scenemay cause the same kind of artefacts to appear at
the location where the distractor is placed. Thus, when
being learned S30, the domain-adaptive neural network
will not focus on the artefacts, or at least, will not link the
artefacts with the spatially reconfigurable object, pre-
cisely because artefacts are caused by the distractors
as well. This makes the learning S30 more robust.
[0110] Referring back to the flowchart of FIG. 1, the
learning S30 of the domain-adaptive neural network is
now discussed.
[0111] The general concepts of "machine-learning"
and "learninganeural network" are first brieflydiscussed.
[0112] Asknown from thefieldofmachine-learning, the
processing of an input by a neural network includes
applying operations to the input, the operations being
defined by data including weight values. The learning of
the neural network thus includes determining values of
the weights based on a dataset configured for such
learning, such a dataset being possibly referred to as a
learning dataset or a training dataset. For that, the data-
set includes data pieces each forming a respective train-
ing sample. The training samples represent the diversity
of the situations where the neural network is to be used
after being learnt. Any dataset referred herein may com-
prise a number of training samples higher than 1000,
10000, 100000, or 1000000. In the context of the present
disclosure, by "learning a neural network based on a
dataset", it is meant that the dataset is a learning/training
set of the neural network. By "learning a neural network
based on a domain", it is meant that the training set of the
neural network is a dataset that belongs to and/or forms
the domain.
[0113] Any neural network of the present disclosure,
such as the domain-adaptive neural network, or such as
the detector, the teacher extractor or the student extrac-
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tor, whichwill be all discussed later,may beadeepneural
network (DNN), learned by any deep learning technique.
Deep learning techniques are a powerful set of techni-
ques for learning in Neural Networks (see [19]) which is a
biologically-inspired programming paradigm enabling a
computer to learn from observational data. In image
recognition, the success of DNNs is attributed to their
ability to learn rich midlevel media representations as
opposed to hand-designed low-level features (Zernike
moments, HOG, Bag-of-Words, SIFT) used in other im-
age categorization methods (SVM, Boosting, Random
Forest). More specifically, DNNs are focused on end-to-
end learning based on raw data. In other words, they
move away from feature engineering to amaximal extent
possible, by accomplishing an end-to-end optimization
starting with raw features and ending in labels.
[0114] The concept of "being configured for inference
of a spatially reconfigurable objects in a scene" is now
discussed. The discussion applies in particular to the
domain-adaptive neural network according to any one
of the domain-adaptive learning method, the domain-
adaptive inferring method or the process, independently
from the manner with which the domain-adaptive neural
network is learned. Inferring spatially reconfigurable ob-
jects in a scene means inferring one or several spatially
reconfigurable objects in a scene that contains one or
more of such objects. It may mean inferring all the spa-
tially reconfigurable objects in the scene. As such, a
neural network configured for inference of spatially re-
configurable objects in a scene takes as input the scene
and output data pertaining to the locations of one ormore
of the spatially reconfigurable objects. For example, the
neural network may output a (e.g. digital) image repre-
sentation of the scene where respective bounding boxes
encompass each a respective one of the inferred spa-
tially reconfigurable objects. The inference may also
comprise the computing of such bounding boxes and/or
the labelling of the bounding boxes (e.g. as encompass-
ing a spatially reconfigurable object of the scene) and/or
the labelling of the inferred spatially reconfigurable ob-
jects (as a spatially reconfigurable object). The output of
the neural network may be stored in a database and/or
displayed on a screen of a computer.
[0115] The learningS30 of the domain-adaptive neural
network may be carried out by any machine-learning
algorithm capable of learning a neural network config-
ured for inference of spatially reconfigurable objects in a
real scene.
[0116] The learningS30 of the domain-adaptive neural
network is based on the third domain. Thus, the third
domain is, or at least contains, the training/learning set of
the domain-adaptive neural network. It appears clearly
from the previous discussion on the determining S20 of
the third domain that the training/learning set of the
domain-adaptive neural network stems (e.g. is obtained)
from the provided S10 dataset of virtual scenes. In other
words, the determining S20 may be thought of as a pre-
processing of the theoretical training/learning set, which

is the dataset of virtual scene, so as to transform it into a
practical training/learning set, namely scenes of the third
domain, closer to the set on which the neural-network,
once learned, will take its inputs. This improves the
robustness of the learning S30 and the output quality
of the domain-adaptive neural network, as previously
discussed.
[0117] The domain-adaptive neural networkmay com-
prise (e.g. may consist in) a detector, also referred to as
an object detector, which forms at least a part of the
domain-adaptive neural network. The detector is thus
itself a neural network, which is further configured for
detecting spatially reconfigurable objects in a real scene.
The detector may typically comprise millions of para-
meters and/or weights. The learning S30 of the do-
main-adaptive method may comprise a training of the
detector which sets the values of these parameters an-
d/or weights. Such a training may typically comprise
updating these values, which consists in successively
correcting these values according to the output of the
detector for each input taken by the detector. During
training, an input of the detector is a scene, and an output
comprises (at least after appropriate training) data per-
taining to the locations of one or more (e.g. all) spatially
reconfigurable objects in this scene (e.g. bounding box
and/or annotations, as previously discussed).
[0118] The correcting of the values may be based on
annotations associated with each input. An annotation is
a set of data associatedwith a specific input which allows
evaluating if the output of the model is true or false. For
example, and as previously discussed, each spatially
reconfigurable object of a scene belonging to the third
domain may be encompassed by a bounding box. As
previously said, in the context of the present disclosure,
encompassing an object in a scene may mean encom-
passingall thepart of theobjectwhich isentirely visibleon
the scene. The bounding box may be annotated so as to
indicate that it encompasses a spatially reconfigurable
object. The correcting of the values may thus comprise
assessing such annotations of a bounding box of a third
domain scene inputted to the detector, and based on the
assessed annotations, determining whether the spatially
reconfigurable object encompassed in the bounding box
is indeed outputted by the detector. Determining whether
the output of the detector comprises the spatially recon-
figurable object encompassed in the bounding box may
comprise assessing a correspondence between the out-
put of thedetector and the spatially reconfigurableobject,
for instance by evaluating if the output is true (e.g. if it
comprises the spatially reconfigurable object) or false (e.
g. if it does not comprise the spatially reconfigurable
object).
[0119] The above-described way of training the detec-
tor by using annotations of the virtual dataset may be
referred to as "supervised learning". The training of the
detector may be carried out by any supervised learning
method.Once thedetector is trained, the correctingof the
values stops. At this point, the detector is able to process
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a new input (i.e. an unseen input during the training of the
detector) and return detection results. In the context of
the present disclosure, the new input of the detector is a
scene of the test domain. Once trained, the detector
returns two different outputs as the task of "detection"
means performing jointly a task of recognition (or classi-
fication) and a task of localization of spatially reconfigur-
able objects in a real scene of the test dataset.
[0120] The task of localization comprises computing
bounding boxes each encompassing a spatially reconfi-
gurable object of the real scene inputted to the detector.
As previously said, a bounding box is a rectangular box
which axes are parallel to the image sides, and it is
characterized by four coordinates. In examples, the de-
tector returns for each spatially reconfigurable object of
the scene inputted to the detector a bounding box cen-
tered on the object with appropriate ratio and scale.
[0121] The task of classification comprises labelling
each computed bounding box with a respective label
(or annotation) and associating to the label a confidence
score. The confidence score reflects the confidence of
the detector that the bounding box truly encompasses a
spatially reconfigurable object of the scene provided as
input. The confidence score may be a real number be-
tween 0 and 1. In such cases, the closer the confidence
score is to 1, the more confident the detector is for the
label associated with the corresponding bounding box to
truly annotate a spatially reconfigurable object.
[0122] Examples of the learning S30 of the domain-
adaptive neural network are now discussed with refer-
ence to FIG. 3, which shows a flowchart illustrating ex-
amplesof the learningS30of thedomain-adaptiveneural
network.
[0123] Referring to the flowchart of FIG. 3, the learning
S30 of the domain-adaptive neural network may com-
prise providing S300 a teacher extractor. The teacher
extractor isamachine-learnedneural networkconfigured
for outputting image representations of real scenes. In
such cases, the learning S30 of the domain-adaptive
neural network further comprises trainingS310 a student
extractor. The student extractor is a neural network con-
figured for outputting image representations of scenes
belonging to the third domain. The training S310 of the
student extractor comprises minimizing a loss. For each
scene of one or more real scenes, the loss penalizes a
disparity between a result of applying the teacher ex-
tractor to the scene and a result of applying the student
extractor to the scene.
[0124] The student extractor is a neural network con-
figured for outputting image representations of scenes
belonging to the third domain. The student extractor may
be a part of the detector, and as such, the student
extractor may be further configured to output said image
representations of scenes belonging to the third domain
to other parts of the detector. At least one of such other
partsmay be configured for the task of localization and at
least one of such other parts may be configured for the
task of classification, as previously discussed. The stu-

dent extractor may thus output image representations of
scenes of the third domain to said other parts so that said
other parts may carried out the tasks of localization and
classification. Alternatively, the student extractor may be
a part of the domain-adaptive neural network and may in
this caseoutput image representation tootherpartsof the
domain-adaptive neural network (such as the detector).
[0125] This amounts to say that the student extractor
oversees outputting image representations of scenes
belonging to the third domain while at least one other
part of the domain-adaptive neural network (e.g. the
previously discussed detector) oversees detecting (e.
g. localizing and classifying) spatially reconfigurable ob-
jects in each scene of the third domain. Said detecting
may be based on said image representations outputted
by the student extractor. In other words, image represen-
tations outputted by the student extractor are fed to
remaining parts of the domain-adaptive neural networks,
e.g. remaining parts of the detector in case the student
extractor forms a part of the detector.
[0126] The student extractor is trained with the help of
the provided S300 teacher extractor. The teacher extrac-
tor is a machine-learned neural network configured for
outputting image representations of real scenes. In ex-
amples, this means that the teacher extractor has been
learned on real scenes to output image representations
the real scenes, for example by learning robust convolu-
tional filters for real data style. Layers of neurons of the
teacher extractor typically encode the representation of a
real image to be outputted. The teacher extractor may
have been learned on any dataset of real scenes, e.g.
available from open source, and by any machine-learn-
ing technique. Providing S300 the teacher extractor may
comprise accessing a database where the teacher ex-
tractor has been stored after its leaning and retrieving the
teacher extractor from the database. It is to be under-
stood that teacher extractormaybealreadyavailable, i.e.
the domain-adaptive learning method may not comprise
the learning of the teacher extractor by only the providing
S300 of the already available teacher extractor. Alterna-
tively, the domain-adaptive learning method may com-
prise, before the providing S300 of the teacher extractor,
the learning of the teacher extractor, by any machine-
learning technique.
[0127] Still referring to the flowchart of FIG. 2, the
training S320 of the student extractor is now discussed.
[0128] Said training S320 comprises minimizing a loss
which, for each scene of one or more real scenes, pe-
nalizes a disparity between a result of applying the tea-
cher extractor to the scene and a result of applying the
student extractor to thescene.At least apart of (e.g.all of)
the one or more real scenes may be scenes of the test
datasetand/or at leastapart of (e.g. all of) theoneormore
real scenes may be scenes of another dataset of real
scenes belonging to the second domain, e.g. that are not
annotated and not necessarily numerous. The minimiz-
ing of the loss involves the results of applying both the
teacher extractor and the student extractor to each re-
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spective one of the one or more real scenes, which
means that said real scenes are fed to both the teacher
extractor and the student extractor during the training
S310 of the latter. Thus, while at least a part of the
domain-adaptive neural network is trained on virtual data
belonging to the third domain, such as the previously
discusseddetector, at least a part of the domain-adaptive
neural network, namely thestudent extractor is trainedon
real data.
[0129] The loss may be a quantity (e.g. a function)
which, for each real sceneof the oneormore real scenes,
measures a similarity and/or a dissimilarity between the
result of applying the teacher extractor to the scene and
the result of applying the student extractor to the scene.
The loss may for example be a function which takes as
parameters each scene of the one or more real scenes,
which takes as inputs the result of applying the teacher
extractor to the scene and the result of applying the
student extractor to the scene and which outputs a quan-
tity (such as a positive real number) expressing simila-
rities and/or dissimilarities between the result of applying
the teacher extractor to the scene and the result of
applying the student extractor to the scene. For each
scene of the one or more real scene, the disparity be-
tween the result of applying the teacher extractor to the
scene and the result of applying the student extractor to
the scene may be a quantification of a dissimilarity be-
tween the result of applying the teacher extractor to the
scene and the result of applying the student extractor to
the scene. Penalizing the disparity may mean that the
loss is an increasing function of the disparity.
[0130] The minimizing of the loss, by penalizing dis-
parities between outputs of the teacher extractor and the
student extractor, improves the robustness of the learn-
ing S30 of the domain-adaptive neural network. Notably,
the teacherextractor,which isalready learnedand thusof
whichweights and/or parameters are notmodified during
the training S320 of the student extractor, guides the
student extractor. Indeed, since disparities between out-
puts of the student extractor and the teacher extractors
are penalized, parameters and/or weights of the student
extractor aremodified so that the student extractor learns
to output real image representations which are close to
those outputted by the teacher extractor in terms of data
distributions.Put it in anotherway, the student extractor is
trained to imitate the teacher extractor in the manner of
outputting real image representations. The student ex-
tractormay thus learn the sameor substantially the same
robust convolutional filters for real data style than the one
learned by the teacher extractor during its training. As a
result, the student extractor outputs real image repre-
sentations of scenes originally belonging to the third
domain, even though these scenes may be relatively
far from the second domain (made of real scenes) in
terms of data distribution. This allows to make the do-
main-adaptive neural network, or, where appropriate, its
detector, invariant to data appearance, because the way
the student extractor is trained S320 makes the domain-

adaptive neural network able to infer spatially reconfigur-
able objects from real scenes while being trained on
annotated virtual scenes of the third domain.
[0131] The loss may be referred to as a "distillation
loss", and the trainingS320 of the student extractor using
the teacher extractor may be referred to as a "distillation
approach". The minimizing of the distillation loss may be
carried out by anyminimizing algorithm or any relaxation
algorithm. The distillation lossmay be part of a loss of the
domain-adaptive neural network, optionally also com-
prising a loss of the previously-discussed detector. In
an implementation, the learningS30of the domain-adap-
tive neural network may comprise the minimizing of the
lossof thedomain-adaptiveneural networkwhichmaybe
of the type:

where Ltraining is a loss corresponding to the learning S30
of the domain-adaptive neural network Ldetector is a loss
corresponding to the training of the detector, and Ldistilla-
tion is the distillation loss. Minimizing the loss of the
domain-adaptive neural network Ltraining may thus com-
prise minimizing, by any relaxation algorithm, the loss of
the detector Ldetectorand the distillation loss Ldistillation,
simultaneously or independently.
[0132] In examples, the result of applying the teacher
extractor to the scene is a first Grammatrix and the result
of applying the student extractor to the scene is a second
Gram matrix. The Gram matrix of an extractor (e.g. the
student or the teacher) is a form of representation of the
distribution of data on the image outputted by the ex-
tractor.More specifically, applyinganextractor to a scene
yields an image representation and computing the Gram
matrix of the image representation yields an embedding
of the distribution of the image representation, so called a
Gram-based representation of the image. This amounts
to say that, in examples, the result of applying the teacher
extractor to the scene is a first Gram-based representa-
tion of the image representation outputted by the teacher
extractor resulting from the computing of a first Gram
matrix of the image representation outputted by the tea-
cher extractor, and the result of applying the student
extractor to the scene is a second Gram-based repre-
sentation of the image representation outputted by the
student extractor resulting from the computing of a sec-
ond Gram matrix of the image representation outputted
by the student extractor For example, the Gram matrix
may contain non-localized information about the image
outputted by the extractor, such as texture, shapes and
weights.
[0133] In examples, the first Gram matrix is computed
onseveral layersof neuronsof the teacherextractor.Said
layers of neurons comprise at least the last layer of
neurons. In these examples, the second Gram matrix
is computed on several layers of neurons of the student
extractor. Said layers of neurons comprise at least the
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last layer of neurons.
[0134] The last layer of neurons of an extractor (the
teacher or the student) encodes the image as outputted
by the extractor. Both the first and secondGrammatrices
are computed on several layers of neurons, that is a
deeper layer of neurons. This means that they both
comprise more information on the image outputted than
the image itself. This makes the training of the student
extractor more robust because it increases the level of
real-style closeness between the outputs of the teacher
and student extractors, which is what the minimizing of
the loss aims at. Notably, the student extractor may
thereby be able to infer accurately the two layer repre-
sentations of a real image, just as its teacher.
[0135] In examples, the disparity is a Euclidean dis-
tancebetween the result of applying the teacherextractor
to the scene and the result of applying the student ex-
tractor to the scene.
[0136] An implementation of the minimizing of the dis-
tillation loss is nowdiscussed. In this implementation, the
style representation of an image outputted by an extrac-
tor (teacher or student) at some layer of neurons ℓ is
encodedby thedistribution of featuresof the image in this
layer. In this implementation, a Gram matrix is used to
encode the feature correlation, which is one form of the
feature distribution embedding. Formally, for a layer ℓ of
response Fℓ with filters of length Nℓ, the feature correla-
tions are given by the Gram matrix Gℓ ∈ RNℓ×Nℓ, where

is the inner product between the vectorized feature
map i and j in layer ℓ:

[0137] The intuition behind the proposed distillation
approach is to ensure that, during learning, the student
extractor weights are updated so that it outputs data style
representation close to the one that the teacher extractor
produces on real data. To do so, the learning S30 com-
prises minimizing the Gram-based distillation loss Ldis-
tillationat the featureextractor level.Givena real image, let
Fℓ and Eℓ be the corresponding feature map outputs at
some layer ℓ of, respectively, the student extractor and
the teacher extractor. Hence, the proposed distillation
loss at layer ℓ is of the type:

where is any distance (e.g. a Euclidean
distance) between the corresponding Gram Matrices

and .Consider distilling knowledge from layers
{ ℓ1, ..., ℓm}, then the distillation loss is of the type:

[0138] Aspreviously discussed, the learningS30of the
domain-adaptive neural network may then comprise the
minimizing of a loss of the type:

[0139] Referring back to the flowchart of FIG. 1, the
determining S50 of the intermediary domain is now dis-
cussed.
[0140] The determining S50 of the intermediary do-
main is such that the intermediary domain is closer to the
training domain than the test domain in terms of data
distributions. As such, the determining S50 of the inter-
mediary domain designates, for each scene of the test
dataset of scenes, the inference of another scene, such
that all the inferred another scenes form a domain,
namely the intermediary domain, which is closer to the
training domain than the test domain in terms of data
distributions. The inference of said another scene may
comprise the transformation (e.g. the translation) of the
scene into said another scene. The transformation may
consist in transforming the scene into said another
scene, for example using a generator able to transfer
an image from one domain to another. It is to be under-
stood that such a transforming may only concern one or
more parts of the scene: said one or more parts are
transformed, e.g. using the generator, while the rest of
the scene is left unchanged. Said another scene may
consist the scene of which the one or more parts are
transformed with the rest of the scene being unchanged.
Alternatively, the transformationmay comprise replacing
the rest of the scene by a part of some other scene (e.g.
belonging to the training domain). In such cases, said
another scene may consist in the scene of which the one
or more parts are transformed with the rest of the scene
being replacedbysaidpart of someother scene. It is tobe
understood that the inferencemaybecarriedout similarly
for all scenes of the test domain, e.g. with the same
paradigm for all scenes.
[0141] The domain-adaptive neural network is not
learned on the training domain, but on data obtained
from the training domain. Such data may be the result
of a processing of data of the training domain. For ex-
amples, the data obtained from the training domain may
be a dataset of scenes which are each obtained by
transforming a respective scene of the training domain.
This amounts to say that the data obtained from the
training domain may form a dataset of scenes belonging
to a domain which is the true training/learning domain of
thedomain-adaptiveneural network.Suchadomainmay
be determined exactly as the third domain, that is by
carrying similar operations and steps. In any case, the
determining S50 of the intermediary domain may be
carried out in such away (e.g. through the transformation
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of scenes as previously discussed) that the intermediary
domain is closer to the domain formed by the data ob-
tained from the training domain than the test domain. In
examples, the data obtained from the training domain
form another intermediary domain which is closer to the
intermediary domain than the training domain in terms of
data distributions. Said another intermediary domain
maybe thepreviouslydiscussed thirddomain. Inall these
examples, the determining S50 of the intermediary do-
main amounts to a pre-processing of the test dataset so
as to bring it closer to the true training/learning set on
which the domain-adaptive neural network has been
learned. As previously discussed, this improves the out-
put quality of the domain-adaptive neural network.
[0142] In examples, the determining S50 of the inter-
mediary domain comprises, for each scene of the test
dataset, transforming the scene of the test dataset into
another scene closer to the training domain in terms of
data distribution.
[0143] The transforming of the scene into the another
scenemaycompriseusingagenerator able to transferan
image from one domain to another. It is to be understood
that such a transforming may only concern one or more
parts of the scene: said one or more parts are trans-
formed, e.g. using the generator, while the rest of the
scene is left unchanged. Said another scenemay consist
the scene of which the one ormore parts are transformed
with the rest of the scene being unchanged. Alternatively,
the transformationmay comprise replacing the rest of the
scenebyapart of someother scene (e.g. belonging to the
training domain). In such cases, said another scenemay
consist in the scene of which the one or more parts are
transformed with the rest of the scene being replaced by
said part of some other scene. It is to be understood that
the inferencemay be carried out similarly for all scenes of
the test domain, e.g. with the same paradigm for all
scenes.
[0144] Examples of the determining S50 of the inter-
mediary domain are now discussed with reference to
FIG. 4, which shows a flowchart illustrating examples
of the determining S50 of the intermediary domain.
[0145] With reference to the flowchart of FIG. 4, the
transforming of the scene may comprise generating
S500 a virtual scene from the scene of the test dataset.
In such cases, the another scene is inferred based on the
scene of the test dataset and on the generated virtual
scene.
[0146] The generating S500 may be carried out by
applying any generator able to generate virtual scenes
from scenes of the test domain. The another scene may
be inferredbymixing the sceneof the test dataset and the
generated virtual scene and/or by combining (e.g. blend-
ing, seamless cloning, or merging e.g. by a merging
image channels methods) the scene of the test dataset
and the generated virtual scene.
[0147] Still referring to the flowchart of FIG. 4, the
generating S500 of the virtual scene from the scene of
the test dataset may comprise applying a virtual scene

generator to the scene of the test dataset. In such cases,
the virtual scene generator is a machine-learned neural
network configured for inference of virtual scenes from
scenes of the test domain.
[0148] The virtual scene generator takes as input a
scene of the test domain and outputs a virtual scene, e.g.
a virtual scene less photo-realistic than the scene of the
test domain. It is to be understood that the virtual gen-
erator may be already trained/learned. As such, the
generating S500 of the virtual scene may comprise pro-
viding the virtual scene generator, e.g. by accessing
memory where the virtual scene generator has been
stored after its training/learning and retrieving the virtual
scene generator from the memory. Additionally or alter-
natively, the providing of the virtual scene generator may
be preceded by the learning/training of the virtual scene
generator, by any machine-learning technique suitable
for such a training.
[0149] In examples, the virtual scene generator has
been learned on a dataset of scenes each comprising
one or more spatially reconfigurable objects. In such
examples, the virtual scene generator is able, when
fed a scene comprising one or more spatially reconfigur-
able objects, to output a virtualization of the scene, which
is a virtual scene also comprising the one or more spa-
tially reconfigurable objects, e.g. all in the same position
and/or configuration. As previously said, it is to be under-
stood that the domain-adaptive inferring method and/or
the process may only comprise providing the virtual
scene generator (that is, without its learning), or may
further comprise the learning of the virtual scene gen-
erator.
[0150] In an implementation of the domain-adaptive
inferring method and/or of the process, where the test
dataset ismadeof realmanufacturing scenescomprising
manufacturing robots, the generator is CycleGAN Real-
to-Virtual network trained on two datasets ofmanufactur-
ing scenes comprising manufacturing robots: a virtual
dataset and real dataset. Themethod and/or the process
comprises, in this implementation, training, on the two
datasets, theCycleGANnetwork toadapt robots’ appear-
ance in test images of test scenes in order to be closer to
the training set of the domain-adaptive neural network,
which in this implementation is the third domain accord-
ing to the domain-adaptive learningmethod, andwhich is
made of virtual manufacturing scenes comprising virtual
manufacturing robots. The training results in a Real-to-
Virtual robot generator that is able to modify the real test
images so as to virtualize them.
[0151] FIG. 22 illustrate an example of the generating
S500 using a CycleGAN generator. In this example, the
test dataset is made of real manufacturing scenes each
comprises one or more manufacturing robots. FIG. 22
shows a first real scene 220 and a second real scene 222
of the test dataset. Both scenes are manufacturing
scenes comprising articulated robots. FIG. 22 further
showsa first virtual scene 224anda second virtual scene
226 generated from the first and second scene 220 and
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222, respectively, by applying the CycleGAN generator.
[0152] Still referring to the flowchart of FIG. 4, the
determining S50 of the intermediary domain may com-
prise blending S510 the scene of the test dataset and the
generated virtual scene. In such cases, the blending
results in the another scene.
[0153] Formally, let Ibe thesceneof the test dataset, let
I’ be the generated virtual scene, and let I" be the another
scene. Blending S510 I and I’ can refer to any method
able to mix I and I’, so that the mixing results in I". In
examples, the blending S510 of the scene of the test
dataset and of the generated virtual scene is a linear
blending. In an implementation, the linear blending con-
sists in computing the another scene I" through the
following formula:

[0154] FIG. 23 illustrates an example of the linear
blending. FIG. 23 shows a real manufacturing scene
230 comprising a realmanufacturing robot and the virtual
scene 232 generated from the real scene 230. FIG. 23
further shows the result of the linear blendingwhich is the
virtual manufacturing scene 234.
[0155] Referring back to the flowchart of FIG. 1, the
inferring S60 of a spatially reconfigurable object from a
sceneof the test dataset of the test domain transferredon
the intermediary domain is now discussed.
[0156] First, inferring S60 a spatially reconfigurable
object from a scene may consist inferring a spatially
reconfigurable object from one scene, or inferring, for
each scene of an input dataset of scene, inferring a
spatially reconfigurable object from each scene of the
input dataset of scenes. Notably, the inferring S60 may
constitute a testing stage of the domain-adaptive neural
network,whereall scenesof the test dataset areprovided
(e.g. successively) as input to the domain-adaptive neur-
al network which infers one or more spatially reconfigur-
able objects in each inputted scene. Additionally or alter-
natively, the inferring S60 may constitute an applicative
stage of the domain-adaptive learning method and/or of
the domain-adaptive inferring method and/or of the pro-
cess,where the input dataset is a dataset of scenesof the
test domain which is not equal to the test dataset. In such
cases, the application stage may comprise providing the
input dataset, inputting each scene of the input dataset to
thedomain-adaptiveneural network, andcarryingout the
inferring S60 for each scene. It is also to be understood
that inferring S60 a spatially reconfigurable object in one
scene may consists in inferring (e.g. simultaneously or
successively) one or more spatially reconfigurable ob-
jects in the scene which comprises one or more of such
objects, e.g. by inferring all the spatially reconfigurable
objects in the scene.
[0157] The inferringS60ofonespatially reconfigurable
object in one scene, which may be part of the inferring
S60ofmore spatially reconfigurable objects in the scene,

is now discussed. Inferring S60 the spatially reconfigur-
able object in the scene by applying the domain-adaptive
neural network consists in inputting the scene to the
domain-adaptive neural network. The domain-adaptive
neural network then outputs data pertaining to the loca-
tion of the spatially reconfigurable object. For example,
the neural network may output a (e.g. digital) image
representation of the scenewhere a respective bounding
box encompass the inferred spatially reconfigurable ob-
jects. The inference may also comprise the computing of
such a bounding box and/or the labelling of the bounding
box (e.g. as encompassing a spatially reconfigurable
object of the scene) and/or the labelling of the inferred
spatially reconfigurable object (as a spatially reconfigur-
able object). The output of the neural network may be
stored in a database and/or displayed on a screen of a
computer.
[0158] FIG.s 24 to 29 illustrate inference of manufac-
turing robots in realmanufacturing scenes. FIG.s24 to29
each show a respective real scene of the test domain fed
as input to the domain-adaptive neural network and
bounding boxes computed and annotated around all
manufacturing robot comprised in each respective
scenes. As shown on FIG.s 26 to 30, several robots
and/or robots at least partially occluded can be inferred
in a real scene.
[0159] The inferring of spatially reconfigurable objects
may in fact be carried out by a detector, which forms at
least a part of the domain-adaptive neural network per-
forming jointly a task of recognition (or classification) and
a task of localization of spatially reconfigurable objects in
a real scene of the test dataset. The task of localization
comprises computing bounding boxes each encompass-
ing a spatially reconfigurable object of the scene inputted
to the detector. As previously said, a bounding box is a
rectangular box which axes are parallel to the image
sides, and it is characterized by four coordinates. In
examples, the detector returns for each spatially recon-
figurable object of the scene inputted to the detector a
bounding box centered on the object with appropriate
ratio and scale. The task of classification comprises
labelling each computed bounding box with a respective
label (or annotation) and associating to the label a con-
fidence score. The confidence score reflects the confi-
dence of the detector that the bounding box truly encom-
passes a spatially reconfigurable object of the scene
provided as input. The confidence score may be a real
number between 0 and 1. In such cases, the closer the
confidence score is to 1, the more confident the detector
is for the label associated with the corresponding bound-
ing box to truly annotate a spatially reconfigurable object.
[0160] In examples where the domain-adaptive neural
network is configured for inference of objects in real
scenes, for example when the test domain is made of
reals scenes and when the intermediary domain is made
of virtual scenes, the domain-adaptive neural network
may further comprise an extractor. The extractor forms a
part of the domain-adaptive neural network configured
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for outputting image representations of real scenes and
feeding them tootherpartsof thedomain-adaptiveneural
network,e.g.adetector or parts of a detector, for example
overseeing the detection of spatially reconfigurable ob-
jects. In examples, this means that the extractor may
process scenes of the intermediary domain to output
image representations of the scenes, for example by
learning robust convolutional filters for real data style.
Layers of neurons of the extractor typically encode the
representation of a real or photo-realistic image to be
outputted. This amounts to say that the extractor over-
seesoutputting image representations of scenesbelong-
ing to the intermediary domain while at least one other
part of the domain-adaptive neural network (e.g. the
previously discussed detector) oversees detecting
(e.g. localizing and classifying) spatially reconfigurable
objects in each inputted scene of the third domain. Said
detecting may be based on said image representations
outputted by the student extractor. This allows to effi-
ciently process and output real data.
[0161] Each scene provided as input to the domain-
adaptive neural network is a scene belonging to the test
domain, but which is transferred on the determined inter-
mediary domain. In other words, providing as input the
scene to the domain-adaptive neural network comprises
transferring the scene on the intermediary domain and
feeding the transferred scene as input to the domain-
adaptive neural network. Transferring the scene may be
carried out by any method able to transfer a scene from
one domain to another. In examples, transferring the
scenemay comprise transforming the scene into another
scene and optionally blending the scene with the trans-
formed scene. In such cases, the transforming and op-
tionally the blending may be carried out as in the exam-
ples previously described with reference to the flowchart
of FIG. 4. Notably, the scenes of the intermediary domain
may in fact be scenes of the test dataset transferred on
the intermediary domain.
[0162] An implementation of the process is now dis-
cussed.
[0163] This implementation proposes a learning fra-
mework in the virtual world in order to tackle the manu-
facturing data insufficiency problem.The implementation
notably learns a domain-adaptive neural network lever-
aging a dataset of virtual simulations for learning and the
efficiency of image treatment methods, namely the Deep
Neural Networks (DNN).
[0164] Virtual simulations constitute one form of ob-
taining virtual data for training. The latter has been ap-
pearing as promising technique to cope with the difficulty
of obtaining the required training data for machine learn-
ing tasks. Virtual data is generated algorithmically to
mimic the characteristics of the real data while having
an automatic, error-free and cost-free labelling.
[0165] Virtual simulations are proposed by this imple-
mentation tobetter explore theworkingmechanismof the
different manufacturing equipment. Formally, different
manufacturing tools are considered in the learning pro-

cess via the different status that they can present when
functioning.
[0166] Deep Neural Networks: are a powerful set of
techniques for learning inNeuralNetworks [19]which is a
biologically-inspired programming paradigm enabling a
computer to learn from observational data. In image
recognition, the success of DNNs is attributed to their
ability to learn rich midlevel media representations as
opposed to hand-designed low-level features (Zernike
moments, HOG, Bag-of-Words, SIFT, etc.) used in other
image categorizationmethods (SVM, Boosting, Random
Forest, etc.). More specifically, DNNs are focused on
end-to-end learning based on raw data. In other words,
they move away from feature engineering to a maximal
extent possible, by accomplishing an end-to-end optimi-
zation starting with raw features and ending in labels.
[0167] Domain adaptation: is a field associated with
machine learning and transfer learning. This scenario
arises when aiming at learning from a source data dis-
tribution a well performing model on a different (but
related) target data distribution. The aim of domain adap-
tation is to find effective mechanisms to transfer or adapt
knowledge from one domain to another one. This is
achieved by introducing cross-domain bridging compo-
nents to remedy to the cross-domain gap between train
and test data.
[0168] The proposed implementation is notably illu-
strated by FIG. 31 which shows a diagram illustrating
the offline and the online stages of the process.

1. Offline stage: this stage aims at training a model
using virtual data that is supposed to be competent
when inferring in the real world. It contains two main
steps. Note that this stage is transparent from the
user.

1) Virtual simulations in virtual manufacturing
environment to generate representative virtual
training data that are automatically annotated.
The virtual manufacturing environment is geo-
metrically realistic but not photo-realistic. The
annotation type depends on the targeted infer-
ence task.
2) A neural network model is learned based on
the virtual data. It consists onadomain-adaptive
DNN-based model.

2. Online stage: given a real-world media, the
learned domain-adaptive model is applied to infer
manufacturing equipment’s.

[0169] This implementation of the process notably re-
lates to the field of fully-supervised object detection.
Specifically, in this specific implementation we are inter-
ested in the manufacturing context and the goal is to
detect industrial robot arms in factory images. For the
said fully-supervised field, the training dataset should
contain up to hundreds of thousands of annotated data,
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which justifies the use of virtual data for training.
[0170] State-of-the-art object detectors are based on
deep learning models. Millions of parameters which va-
lues cannot be set by hand characterize these models.
Hence, these parameters must be set thanks to a learn-
ing algorithm. When the learning algorithm is updating
themodel parameters, themodel is said to be in "training
mode". It consists in successively "correcting" the model
according to its output for each input thanks to the anno-
tations associated with each input. An annotation is a set
of data associated with a specific input which allows
evaluating if the output of the model is true or false.
For instance, an object classifier which is trained to
distinguish images of cats and dogs need a dataset of
annotated images of cats and dogs, each annotation
being "cat" or "dog". Thus, if in its trainingmode theobject
classifier outputs "dog" for a cat image in input, the
learning algorithm will correct the model by updating its
parameters. This way of supervising the training of a
model thanks to an annotated dataset is called "super-
vised learning". Once the model is trained, we stop
updating its parameters. Then, the model is only used
to process a new input (i.e. an unseen input during the
trainingmode) and return detection results, it is said to be
in "test mode".
[0171] In the context of the present implementation, an
object detector returns twodifferent outputs as the task of
"detection"means performing jointly a task of recognition
(or classification) and a task of localization.

1. Localization output: object localization is made
thanks to bounding boxes. A bounding box is a
rectangular box which axes are parallel to the image
sides. It is characterized by four coordinates. Ideally,
an object detector returns for each object a bounding
box centers on the object with appropriate ratio and
scale.
2. Classification output: object classification is made
thanks to a category label associated with a confi-
dence score for each bounding box. The confidence
score is a real between 0 and 1. The closer it is to 1,
the more confident the object detector is for the
category label associated with the corresponding
bounding box.

[0172] The implementation is notably illustrated by
FIG. 32which showsdomain-adaptive components used
on both offline and online stages.
[0173] It concerns learning an object detection model
using a generated virtual data. Several domain adapta-
tion approaches are applied to address the virtual-real
domain gap within both stages: offline and online.

1. Offline stage: this stage aims at training a model
using virtual data that is supposed to be competent
when inferring in the real world. This stage contains
two main steps.

1) Virtual simulations in virtual manufacturing
environment to generate representative virtual
training data that are automatically annotated
with bounding boxes and "robot" label.
2) Domain-adaptive transformations

i. At the training set level: The latter is
transformed to a new training domain that
is closer to the real world in terms of data
distribution.
ii. At the model architecture level: Domain-
adaptivemodules are inserted in amodel to
address the problematic virtual-real domain
shift.

2. Online stage: real-worldmedia is transformed into
a new test domain that is better processed by the
learneddetectionmodel, beforebeing inferredby the
latter. In otherwords, the new test domain is closer to
the training domain than original real domain.

[0174] It is important tonote that oneparticularity of this
implementation is that it does not encounter the problem
of virtual-to-real image transformation accuracy. The in-
tuition behind the currentwork is to consider intermediate
domains between the virtual and real worlds instead of
trying to migrate virtual data to the real world. Formally,
the virtual training data and the real testing data are
dragged respectively to a training and test intermediate
domains where domain shift is minimum.
[0175] In the light of the framework described above,
one may understand that the currently discussed imple-
mentation is based on two main steps:

• Virtual data generation for learning.
• Domain adaptation.

[0176] To cope with the scarcity of the factory images,
this implementation builds on a virtual data generation
approach based on simulations. The training set consists
of 3D rendered factory scenes. These factory scenes are
generated by an internal design application of the com-
pany accompanied by masks segmenting the objects of
interest (robots) at the pixel level. Each scene is simu-
lated into multiple frames describing the multiple func-
tioning status that a robot may have.
[0177] This step generates a virtual image set with
distinctive and complicated features for the task of de-
tecting robots in manufacturing context. Although it
seems a ’simple’ single-object detection task, baseline
detectors and state-of-the-art domain-adaptive networks
are not competent in the matter. Formally, the generated
set is non photo-realistic and rather ’cartoonish’. The
simplicity of the generated virtual scenes reflects the
easiness to generate our training data, which is a major
benefit of the present implementation. At the same time,
the complexity of the object of interest makes it hard to
envisage using state-of-the-art approaches tackling this
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kind of virtual data, namely domain randomization DR
technique (see [7,15]).
[0178] In fact, domain randomization abandons photo-
realism by randomly perturbing the environment in non-
photorealistic ways. The intuition behind this DR is to
teach the algorithm to force the network to learn to focus
on the essential features of the images and to ignore
objects in the scene that arenot of interest.More formally,
themain realistic features that lack in virtual data are low-
level forms of the images, e.g., texture, lighting and
shading. DR ensures the perturbation of these features
over the training dataset so that the algorithmwill not rely
on them to recognize objects. Following the same logic,
theDRwill not impact the common features between real
and virtual data. Under the scope of the used virtual data
generation, onemayunderstand that the correct features
that the learned model is expected to rely on for learning
are shapes and contours. This is important in DR tech-
niques.
[0179] Besides, the object of interest of the present
implementation , which is a robot, has many joints’ con-
figurations (generally 6 freedom degrees) that are cali-
brated by a continuous range of values. This gives each
robot type an infinity range of possible status. Hence,
randomizingall thedistinctive featuresexcept theshapes
and contours for learning is non-optimal for this kind of
complicated industrial objects. Actually, the required
variability to represent objects’ shapes and contours is
hard tomeetwhen the latter are complicated. Particularly
for the robot example, it is indeed non conceivable to
learn a model that is able to extract and focus on dis-
tinctive shapes and contours of various robot types with
infinite joints’ positions to recognize the said object in
images.
[0180] The proposed implementation is builds a learn-
ing problem that is competent when data is complex such
as the present case.
[0181] Theproposeddomainadaptation approach can
be considered as a partial domain randomization tech-
nique. Formally, it proposes to augment the correct fea-
tures that the model is learning on by, deliberately, either
randomizing or translating data features to a newdomain
better representativeof the realworld than thevirtual one.
For instance, it canbetter explore thespecificity of texture
characteristics. To do so, three novel techniques are
implemented in the currently discussed implementation:

1. Virtual-to-Real translation

[0182] To remedy to the cross domain shift, a common
way in stateof theart articles is tochange theappearance
of the virtual data to appear as if theyweredrawn from the
real domain i.e. they acquire a distribution that is better
representative of the real world. To do so, virtual images
are modified as a whole using real scenes without any
correspondence between similar objects. However, to
get an optimal performance of image-to-image transla-
tion, onemay guess that it is beneficial to have real robot

textures transferred to robots in virtual scenes and same
thing for the background.
[0183] The current implementation is built upon this
targeted appearance transfer by applying different im-
age-to-image translation networks separately on robots
and factory backgrounds in each media from the training
set.
[0184] To this end, we use CycleGAN model [20] to
translate an image from one domain to another. It pro-
poses a method that can learn to capture special char-
acteristics of one image set and to figure out how to
translate these characteristics into a second image col-
lection, all in the absence of any paired training exam-
ples. This relaxation of having one-to-one mapping
makes in fact this formulation quite powerful. This is
achieved by a generative model, specifically a Genera-
tive Adversarial Network (GAN) dubbed CycleGAN.
[0185] As described above, two different models are
trained separately

• CycleGAN Virtual-to-Real network 1: trained on two
factory background sets: virtual set and real set. It
results in a virtual-to-real factory generator that is
used to modify the backgrounds in virtual images.

• CycleGAN Virtual-to-Real 2: trained on two robot
sets: virtual set and real set. It results in a virtual-
to-real robot generator that is used to modify the
robots in virtual images.

2. Gram-based distillation

[0186] In order to better emphasize model robustness
with respect to domain shift, we propose a novel knowl-
edge distillation approach implemented at the detector
level. Note thatmost of state of the art detectors (see [18,
9]) contain a feature extractor that is a deep network of
convolutional layers. The feature extractor outputs the
image representation to be fed to the remaining parts of
the detector. The intuition behind our distillation is to
guide the detection model to learn robust convolutional
filters for the real data style, which is aligned with the
primary objective of making the model invariant to data
appearance.
[0187] Formally, the implementation consists of train-
ing the detector on virtual media, and at the same time,
updating detector’s feature extractor weights in order to
approach the style encoded by the two layer representa-
tionsof a real image fed toboth our detector andasecond
one pre-trained on real data from open source.
[0188] Note that the style representation of an imageat
some layer ℓ is encoded by the feature distribution in this
layer. For this implementation, we use the Gram matrix
that encodes the feature correlation, which is one form of
the feature distribution embedding. Formally, for a layer ℓ
of response Fℓ with filters of length Nℓ, the feature corre-
lations are given by the Gram matrix Gℓ ∈ RNℓ∈Nℓ, where

is the inner product between the vectorized feature
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map i and j in layer ℓ:

[0189] The intuition behind the proposed distillation is
to ensure that, during learning, the detector’s feature
extractor weights are updated so that it outputs data style
representation close to the one that another pre-trained
feature extractor on real data would produce. To do so,
the currently discussed implementation implements the
Gram-based distillation loss Ldistillation at the feature ex-
tractor level.
[0190] Given a real image, we denote by Fℓ and Eℓ the
corresponding feature map outputs at some layer ℓ of,
respectively, the detector’s feature extractor and the pre-
trained one. Hence, the proposed distillation loss at layer
ℓ is the Euclidean distance between the corresponding

Gram Matrices and

[0191] Consider distilling knowledge from layers
{ ℓ1, ... , ℓm}, then the distillation loss is defined as

[0192] The total training loss is

3. Real-to-Virtual translation

[0193] One may expect that the task of translating
virtual images to real domain cannot be perfectly accom-
plished. This means that the modified data is closer to
realworld than thevirtual onewithout beingperfectmatch
to reality distribution. That’s why, we assume that the
modified virtual data are transferred to a new domain D1
located between synthetic and real domains. One con-
tribution of thiswork is to extend thedomain adaptation to
the real test data by dragging this latter to another new
domain D2. In order to use this approach, D2 should be
closer to D1 than the real domain in terms of distribution;
which is an assumption that is confirmed in the present
application case by comparing data representations.
This form of adaptation is achieved by applying the
real-to-virtual data translation on the test data, namely,
the inverse operation previously applied on virtual data at
the training phase.
[0194] In the context of the present implementation,
the transformations are ensured by training a CycleGAN
Real-to-Virtual network trained on two robot sets: virtual

set and real set. It results in a Real-to-Virtual robot gen-
erator that is used to modify the real test images. At this
level, we chose to train CycleGAN network on robot sets
since we are interested mainly in adapting robots’ ap-
pearance in test images in order to be recognized by the
detector. Note that it is also possible to perform a more
sophisticated image translation for test data by targeting
regions separately as it was done for the training set.
However, the improvement is limited, and we are con-
tented with applying one CycleGAN network for the
whole test image.

Claims

1. A computer-implementedmethod of machine-learn-
ing, comprising:

- providing (S10):

- a dataset of virtual scenes, the dataset of
virtual scenes belonging to a first domain;
and
- a test dataset of real scenes belonging to a
second domain;

- determining (S20) a third domain, the third
domain being closer to the second domain than
the first domain is to the second domain in terms
of data distributions, the determining (S20) of
the third domain comprising transforming each
virtual scene into a respective scene of the third
domain by, for each scene of the dataset of
virtual scenes:

- extracting (S200) one or more spatially
reconfigurable objects from the scene;
- for each extracted object, transforming
(S210) the extracted object into an object
closer to the second domain than the ex-
tracted object is to the second domain in
terms of data distributions;
- for each transformed extracted object,
placing (S220) the transformed extracted
object in one or more background scenes,
each background scene being a real back-
groundsceneor a virtual backgroundscene
which is more photo-realistic than the said
each scene of the dataset of virtual scenes,
the third domain comprising each scene on
which the transformed extracted object is
placed, wherein a background scene is a
scene comprising no spatially reconfigur-
able objects and wherein the photo-realism
of a scene is quantified in terms of data
distributions of visible features including
Shading, Texture-mapping, Bump-map-
ping, Fogging/participating medium, Sha-
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dows, Soft shadows, Reflection, Transpar-
ency or opacity, Translucency, Refraction,
Diffraction, Indirect illumination, Caustics,
Depth of field and/or Motion blur; and

- learning (S30) a domain-adaptive neural net-
work based on the third domain, the domain-
adaptive neural network being a neural network
configured for detection of spatially reconfigur-
able objects in a real scene by performing jointly
recognition and localization of the spatially re-
configurable objects in the real scene,
wherein a spatially reconfigurable object is an
assembly of parts linked to each other, the as-
sembly having at least one degree of freedom,
wherein the learning (S30) of the domain-adap-
tive neural network comprises:

- providing (S300) a teacher extractor, the
teacher extractor being a machine-learned
neural network configured for outputting
image representations of real scenes;
- training (S310) a student extractor, the
student extractor being a neural network
configured for outputting image representa-
tions of scenes belonging to the third do-
main, the training (S310) of the student
extractor comprising minimizing a loss
which, for each scene of one or more real
scenes, penalizes a disparity between a
result of applying the teacher extractor to
the scene and a result of applying the stu-
dent extractor to the scene, wherein the
result of applying the teacher extractor to
the scene is a first Gram matrix and the
result of applying the student extractor to
the scene is a second Gram matrix, where-
in:

- the first Gram matrix is computed on
several layers of neuronsof the teacher
extractor, said layers of neurons com-
prising at least the last layer of neurons;
and
- the second Gram matrix is computed
on several layers of neurons of the
student extractor, said layers of neu-
rons comprising at least the last layer
of neurons.

2. Themethod of claim 1, wherein the placing (S220) of
the transformed extracted object in the one or more
scenes is carried out randomly.

3. The method of claim 1 or 2, wherein the determining
(S20) of the third domain comprises placing (S230)
oneormoredistractors in each respective oneof one
or more scenes comprised in the third domain, a

distractor being an object which is not a spatially
reconfigurable object.

4. The method of any one of claims 1 to 3, wherein the
disparity is a Euclidean distance between the result
of applying the teacher extractor to the sceneand the
result of applying the student extractor to the scene.

5. Themethod of anyoneof claims 1 to 4,wherein each
virtual scene of the dataset of virtual scenes is a
virtual manufacturing scene comprising one or more
spatially reconfigurable manufacturing tools, the do-
main-adaptive neural network being configured for
inference of spatially reconfigurable manufacturing
tools in a real manufacturing scene.

6. Themethod of anyoneof claims 1 to 5,wherein each
real scene of the test dataset is a real manufacturing
scene comprising one or more spatially reconfigur-
ablemanufacturing tools, the domain-adaptiveneur-
al network being configured for inference of spatially
reconfigurable manufacturing tools in a real manu-
facturing scene.

7. A computer-implemented domain-adaptive neural
network learnt according to the method of any one
of claims 1 to 6.

8. A computer program comprising instructions which,
when the program is executed by a computer, cause
the computer to carry out the steps of the method of
any one of claims 1 to 6.

9. A device comprising a data storage medium having
recorded thereon the domain-adaptive neural net-
work of claim7and/or the computer programof claim
8.

10. Thedeviceof claim9, further comprisingaprocessor
coupled to the data storage medium.

Patentansprüche

1. Computerimplementiertes Verfahren maschinellen
Lernens, umfassend:

- Bereitstellen (S10):

∘ eines Datensatzes von virtuellen Szenen,
wobei der Datensatz von virtuellen Szenen
zu einem ersten Bereich gehört, und
∘ einen Testdatensatz realer Szenen, die zu
einem zweiten Bereich gehören;

-Bestimmen (S20)einesdrittenBereichs,wobei
der dritte Bereich in Bezug auf Datenverteilun-
gen näher an dem zweiten Bereich ist als der
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erste Bereich an dem zweiten Bereich, das Be-
stimmen (S20) des dritten Bereichs umfassend
ein Transformieren jeder virtuellen Szene in
eineentsprechendeSzenedesdrittenBereichs,
durch, für jedeSzenedesDatensatzes virtueller
Szenen:

∘ Extrahieren (S200) eines oder mehrerer
räumlich rekonfigurierbarerObjekteausder
Szene;
∘ für jedes extrahierte Objekt, Transformie-
ren (S210) des extrahierten Objekts in ein
Objekt, das inBezug aufDatenverteilungen
näher an dem zweiten Bereich ist als das
extrahierte Objekt an dem zweiten Bereich;
∘ für jedes transformierte extrahierteObjekt,
Platzieren (S220) des transformierten ext-
rahierten Objekts in einer oder mehreren
Hintergrundszenen, wobei jede Hinter-
grundszene eine reale Hintergrundszene
oder eine virtuelle Hintergrundszene ist,
die fotorealistischer ist als die besagte jede
Szene des Datensatzes virtueller Szenen,
der dritte Bereich umfassend jede Szene,
auf der das transformierte extrahierte Ob-
jekt platziert wird, wobei eine Hintergrund-
szene eine Szene ist, die keine räumlich
rekonfigurierbaren Objekte umfasst, und
wobei der Fotorealismus einer Szene in
Bezug auf Datenverteilungen von sichtba-
ren Merkmalen quantifiziert wird, ein-
schließlich Schattierung, Textur-Mapping,
Bump-Mapping, Fogging/teilnehmendes
Medium, Schatten, weiche Schatten, Re-
flexion, Transparenz oder Opazität, Trans-
luzenz, Brechung, Beugung, indirekte Be-
leuchtung, Kaustik, Tiefenschärfe und/oder
Bewegungsunschärfe; und

- Lernen (S30) eines bereichsadaptiven neuro-
nalenNetzesbasierendauf demdrittenBereich,
wobei das bereichsadaptive neuronale Netz ein
neuronales Netz ist, das zur Erkennung von
räumlich rekonfigurierbaren Objekten in einer
realen Szene konfiguriert ist, indem es eine ge-
meinsame Erkennung und Lokalisierung der
räumlich rekonfigurierbaren Objekte in der rea-
len Szene durchführt,
wobei ein räumlich rekonfigurierbares Objekt
eine Anordnung von miteinander verbundenen
Teilen ist, wobei die Anordnung mindestens ei-
nen Freiheitsgrad aufweist,
wobei das Lernen (S30) des bereichsadaptiven
neuronalen Netzes Folgendes umfasst:

∘ Bereitstellen (S300) eines Lehrerextrak-
tors, wobei der Lehrerextraktor ein maschi-
nengelerntes neuronales Netz ist, das zum

Ausgeben von Bilddarstellungen realer
Szenen konfiguriert ist;
∘ Trainieren (S310) eines Schülerextrak-
tors, wobei der Schülerextraktor ein neuro-
nales Netz ist, das zumAusgeben von Bild-
darstellungen von Szenen konfiguriert ist,
die zu dem dritten Bereich gehören, das
Trainieren (S310) des Schülerextraktors
umfassend ein Minimieren eines Verlusts
umfasst, der für jede Szene von einer oder
mehreren realen Szenen, einen Verlust mi-
nimiert, der für jede Szene einer oder meh-
rerer realer Szenen eine Diskrepanz zwi-
schen einem Resultat eines Anwendens
des Lehrerextraktors auf die Szene und
einem Resultat eines Anwendens des
Schülerextraktors auf die Szene bestraft,
wobei das Resultat eines Anwendens des
Lehrerextraktors auf die Szene eine erste
Gram-Matrix ist und das Resultat eines An-
wendens des Schülerextraktors auf die
Szene eine zweite Gram-Matrix ist, wobei:

▪ die erste Gram-Matrix auf mehreren
Schichten von Neuronen des Lehrer-
extraktors berechnet wird, wobei die
Schichten von Neuronen mindestens
die letzte Schicht von Neuronen um-
fassen; und
▪ die zweite Gram-Matrix auf mehre-
ren Schichten von Neuronen des Stu-
dentenextraktors berechnet wird, wo-
bei dieseSchichten vonNeuronenmin-
destens die letzte Schicht von Neuro-
nen umfassen.

2. Verfahren nach Anspruch 1, wobei das Platzieren
(S220) des transformierten extrahierten Objekts in
der einen oder den mehreren Szenen nach Zufalls-
prinzip durchgeführt wird.

3. Verfahren nach Anspruch 1 oder 2, wobei das Be-
stimmen (S20) des dritten Bereichs ein Platzieren
(S230) eines oder mehrerer Distraktoren in jeder
entsprechenden Szene einer oder mehrerer in
dem dritten Bereich enthaltener Szenen umfasst,
wobei ein Distraktor ein Objekt ist, das kein räumlich
rekonfigurierbares Objekt ist.

4. Verfahren nach einem der Ansprüche 1 bis 3, wobei
die Disparität ein euklidischer Abstand zwischen
dem Resultat eines Anwendens des Lehrerextrak-
tors auf die Szene und dem Resultat eines Anwen-
dens des Schülerextraktors auf die Szene ist.

5. Verfahren nach einem der Ansprüche 1 bis 4, wobei
jede virtuelle Szene des Datensatzes virtueller Sze-
nen eine virtuelle Fertigungsszene ist, umfassend
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ein oder mehrere räumlich rekonfigurierbare Ferti-
gungswerkzeuge, wobei das bereichsadaptive neu-
ronale Netz für die Inferenz von räumlich rekonfigu-
rierbarenFertigungswerkzeugen in einer realenFer-
tigungsszene konfiguriert ist.

6. Verfahren nach einem der Ansprüche 1 bis 5, wobei
jede reale Szene des Testdatensatzes eine reale
Fertigungsszene ist, umfassend ein oder mehrere
räumlich rekonfigurierbare Fertigungswerkzeuge,
wobei das bereichsadaptive neuronale Netz für die
Inferenz von räumlich rekonfigurierbaren Ferti-
gungswerkzeugen in einer realen Fertigungsszene
konfiguriert ist.

7. Computerimplementiertes bereichsadaptives neu-
ronalesNetz, dasgemäßdemVerfahrennacheinem
der Ansprüche 1 bis 6 gelernt wird.

8. Computerprogramm, umfassendAnweisungen, die,
wenn das Programm von einem Computer ausge-
führt wird, den Computer veranlassen, die Schritte
des Verfahrens nach einem der Ansprüche 1 bis 6
durchzuführen.

9. Vorrichtung, umfassend ein Datenspeichermedium,
auf dem das bereichsadaptive neuronale Netz nach
Anspruch 7 und/oder das Computerprogramm nach
Anspruch 8 aufgezeichnet ist.

10. Vorrichtung nach Anspruch 9, ferner umfassend ei-
nen Prozessor, der mit dem Datenspeichermedium
gekoppelt ist.

Revendications

1. Procédé d’apprentissage automatique mis en œu-
vre par ordinateur, comprenant :

- la fourniture (S10) de :

- un ensemble de données de scènes vir-
tuelles, l’ensemble de données de scènes
virtuelles appartenant à un premier do-
maine ; et
- un ensemble de données de test de scè-
nes réelles appartenant à un deuxième do-
maine ;

- la détermination (S20) d’un troisièmedomaine,
le troisième domaine étant plus proche du deu-
xième domaine que le premier domaine ne l’est
du deuxième domaine en termes de distribu-
tions de données, la détermination (S20) du
troisième domaine comprenant la transforma-
tion de chaque scène virtuelle en une scène
respective du troisième domaine par, pour

chaque scène de l’ensemble de données de
scènes virtuelles :

- l’extraction (S200) d’unouplusieurs objets
spatialement reconfigurables à partir de la
scène ;
- pour chaque objet extrait, la transforma-
tion (S210) de l’objet extrait en un objet plus
proche du deuxième domaine que l’objet
extrait ne l’est du deuxième domaine en
termes de distributions de données ;
- pour chaque objet extrait transformé, le
placement (S220) de l’objet extrait trans-
formé dans une ou plusieurs scènes d’ar-
rière-plan, chaque scène d’arrière-plan
étant une scène d’arrière-plan réelle ou
une scène d’arrière-plan virtuelle qui est
plus photoréaliste que ladite scène de l’en-
semble de données de scènes virtuelles, le
troisième domaine comprenant chaque
scène sur laquelle l’objet extrait transformé
est placé, une scène d’arrière-plan étant
une scène ne comprenant aucun objet spa-
tialement reconfigurable et le photoréa-
lisme d’une scène étant quantifié en termes
de distributions de données de caractéristi-
ques visibles comprenant l’ombrage, la car-
tographie de texture, la cartographie de
relief, le milieu de trouble/participant, les
ombres, les ombres douces, la réflexion,
la transparence ou l’opacité, la transluci-
dité, la réfraction, la diffraction, l’éclairage
indirect, les caustiques, la profondeur de
champ et/ou le flou de mouvement ; et

- l’apprentissage (S30) d’un réseau neuronal
adaptatif au domaine basé sur le troisième do-
maine, le réseau neuronal adaptatif au domaine
étant un réseau neuronal configuré pour la dé-
tection d’objets spatialement reconfigurables
dans une scène réelle en effectuant conjointe-
ment la reconnaissance et la localisation des
objets spatialement reconfigurables dans la
scène réelle,
dans lequel un objet spatialement reconfigu-
rableest unensembledepièces reliées les unes
aux autres, l’ensemble ayant aumoins un degré
de liberté,
dans lequel l’apprentissage (S30) du réseau
neuronal adaptatif au domaine comprend :

- la fourniture (S300) d’un extracteur ensei-
gnant, l’extracteur enseignant étant un ré-
seau neuronal appris par apprentissage
automatique configuré pour délivrer des
représentations d’images de scènes réel-
les ;
- l’entraînement (S310) d’un extracteur
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élève, l’extracteur élève étant un réseau
neuronal configuré pour délivrer des repré-
sentations d’image de scènes appartenant
au troisième domaine, l’entraînement
(S310) de l’extracteur élève comprenant
la minimisation d’une perte qui, pour
chaque scène d’une ou plusieurs scènes
réelles, pénalise une disparité entre un ré-
sultat d’application de l’extracteur ensei-
gnant à la scène et un résultat d’application
de l’extracteur élève à la scène, le résultat
d’application de l’extracteur enseignant à la
scène étant une première matrice de Gram
et le résultat d’application de l’extracteur
élève à la scène étant une deuxième ma-
trice de Gram, dans lequel :

- la première matrice de Gram est cal-
culée sur plusieurs couches de neuro-
nes de l’extracteur enseignant, lesdites
couches de neurones comprenant au
moins la dernière couchedeneurones ;
et
- la deuxième matrice de Gram est
calculée sur plusieurs couches de neu-
rones de l’extracteur élève, lesdites
couches de neurones comprenant au
moins la dernière couche de neurones.

2. Procédé selon la revendication 1, dans lequel le
placement (S220) de l’objet extrait transformé dans
les une ou plusieurs scènes est effectué de manière
aléatoire.

3. Procédé selon la revendication 1 ou 2, dans lequel la
détermination (S20) du troisième domaine
comprend le placement (S230) d’un ou plusieurs
distracteurs dans chacune des une ou plusieurs
scènes respectives comprises dans le troisième do-
maine, un distracteur étant un objet qui n’est pas un
objet spatialement reconfigurable.

4. Procédé selon l’une quelconque des revendications
1 à 3, dans lequel la disparité est une distance
euclidienne entre le résultat de l’application de l’ex-
tracteur enseignant à la scène et le résultat de l’ap-
plication de l’extracteur élève à la scène.

5. Procédé selon l’une quelconque des revendications
1 à 4, dans lequel chaque scène virtuelle de l’en-
semble de données de scènes virtuelles est une
scène de fabrication virtuelle comprenant un ou
plusieurs outils de fabrication spatialement reconfi-
gurables, le réseau neuronal adaptatif au domaine
étant configuré pour l’inférence d’outils de fabrica-
tion spatialement reconfigurables dans une scène
de fabrication réelle.

6. Procédé selon l’une quelconque des revendications
1à5, dans lequel chaque scène réelle de l’ensemble
de données de test est une scène de fabrication
réelle comprenant un ou plusieurs outils de fabrica-
tion spatialement reconfigurables, le réseau neuro-
nal adaptatif au domaine étant configuré pour l’infé-
rence d’outils de fabrication spatialement reconfigu-
rables dans une scène de fabrication réelle.

7. Réseau neuronal adaptatif au domaine mis en œu-
vre par ordinateur, appris selon le procédé de l’une
quelconque des revendications 1 à 6.

8. Programme informatique comprenant des instruc-
tions qui, lorsque le programme est exécuté par un
ordinateur, amènent l’ordinateur à réaliser le pro-
cédé selon l’une quelconque des revendications 1
à 6.

9. Dispositif comprenant un support de stockage de
données sur lequel est enregistré le réseauneuronal
adaptatif au domaine selon la revendication 7 et/ou
le programme informatique selon la revendication 8.

10. Dispositif selon la revendication 9, comprenant en
outre un processeur couplé au support de stockage
de données.
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